






















































aim	 of	 this	 research,	 therefore,	 is	 to	 develop	 epizootiological	 tools	 to	 study	 AHPND	












AHPND	decision	 tree	 for	 defining	 cases	 (diseased	 farms)	 and	 controls	 (non-diseased	
farms)	because	at	 the	 time	of	 the	 study	AHPND	was	a	disease	of	unknown	etiology.	
Results	of	univariate	and	unconditional	 logistic	 regression	models	 indicated	 that	 two	
farming	management	practices	 related	 to	 the	onset	of	AHPND.	First,	 the	absence	of	
pond	harrowing	before	shrimp	stocking	increased	the	risk	of	AHPND	occurrence	with	an	
odds	 ratio	 (𝑂𝑅)	 of	 3.9	 (95	 %	 CI	1.3–12.6;	 P-value	=	0.01),	 whereas	 earthen	 ponds	
decreased	the	risk	of	AHPND	with	an	𝑂𝑅	of	0.25	(95	%	CI	0.06–0.8;	P-value	=	0.02).	These	





harrowing,	 which	 are	 a	 common	 practice	 of	 shrimp	 farming	 in	 earthen	 ponds,	may	
contribute	to	overcoming	AHPND	infection	at	farm	level.	
For	the	purposes	of	disease	surveillance	and	control,	the	structure	of	the	live	shrimp	
movement	 network	within	 Thailand	 (LSMN)	was	modelled,	which	 demonstrated	 the	
high	 potential	 for	 site-to-site	 disease	 spread	 (Chapter	 4).	 Real	 network	 data	 was	
recorded	over	 a	 13-month	 period	 from	March	 2013	 to	March	 2014	 by	 the	 Thailand	
Department	of	Fisheries.	After	data	validation,	c.	74	400	repeated	connections	between	
13	801	shrimp	farming	sites	were	retained.	77	%	of	the	total	connections	were	inter-





and	 the	 LSMN	 showed	 𝑖𝑛-𝑜𝑢𝑡	 disassortative	 mixing,	 i.e.	 a	 low	 preference	 for	
connections	 joining	 sites	 with	 high	 𝑖𝑛	 degree	 linked	 to	 connections	 with	 high	 𝑜𝑢𝑡	
degree.	However,	there	were	low	values	for	mean	shortest	path	length	and	clustering.	
The	latter	characteristics	tend	to	be	associated	with	the	potential	for	disease	epidemics.	
Moreover,	 the	LSMN	displayed	the	power-law	𝑃(𝑘)~𝑘/0	 in	both	 𝑖𝑛	and	𝑜𝑢𝑡	degree	



























epizootic	 model	 was	 constructed	 for	 AHPND	 (Chapter	 6).	 The	 𝑆𝐸𝐼𝑅𝑆	 modelling	
uncovered	the	seasonality	of	AHPND	epizootics	in	Thailand,	which	were	found	likely	to	
occur	between	April	and	August	(during	the	hot	and	rainy	seasons	of	Thailand).	Based	
on	 two	 movement	 types,	 intra-province	 movements	 were	 a	 small	 proportion	 of	
connections,	and	they	alone	could	cause	a	small	AHPND	epizootic.	The	main	pathway	
for	 AHPND	 spread	 is	 therefore	 long-distance	 transmission	 and	 regulators	 need	 to	
increase	the	efficacy	of	testing	for	diseases	in	farmed	shrimp	before	movements	and	
improve	the	conduct	of	routine	monitoring	for	diseases.	The	implementation	of	these	





rate	 𝐵67;<6.	 Hence,	 not	 only	 did	 the	 model	 predict	 AHPND	 epizootic	 dynamics	
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internationally	 traded	fishery	commodity	 in	both	the	United	States	of	America	 (USA)	
and	 the	 European	Union	 (EU)	markets	 (FAO,	 2016a).	 Further,	 shrimp	 farming	 drives	
economic	 growth	 for	 many	 countries,	 provides	 a	 source	 of	 income	 and	 better	
livelihoods	for	producers,	and	develops	many	related	businesses	in	the	whole	shrimp	
industry.		
Thailand	 is	one	of	 the	 top	 shrimp-producing	 countries	 (FAO,	2016b),	with	an	annual	
production	of	around	500	000–600	000	 tonnes	based	on	2014	 figures	 (Undercurrent	
News,	2014),	and	with	85	%	of	 this	 total	 sold	outside	 the	country	 (Alam,	2015).	The	
shrimp	supply	chain	 in	Thailand	comprises	of	hatcheries,	ongrowing	 farmers,	 traders	
and	 brokers,	 shrimp	 auction	 markets	 and	 processing	 plants	 (Alam,	 2015).	 Farmed	
shrimp	represents	one	of	the	major	agricultural	products	driving	the	growth	in	annual	
Thai	 gross	 domestic	 product	 (GDP)	 from	 2.9	 %	 in	 2015	 to	 3.2	 %	 in	 2016	 (National	
Economic	 and	 Social	 Development	 Board,	 2017).	 Moreover,	 about	 30	 %	 of	 Thai	
labourers	 are	 in	 the	 agriculture	 sector	 (The	World	 Bank,	 2015).	 The	 shrimp	 farming	
sector	 is	 therefore	 a	 key	 element	 in	 allowing	 exporting	 countries	 like	 Thailand	 to	
improve	their	social	and	economic	circumstances.	
Nevertheless,	 the	 growth	and	 sustainability	of	 shrimp	 farming	 is	 affected	by	disease	





























control	 programmes	 (Green	 et	 al.,	 2012;	 Keeling	 and	 Eames,	 2005;	Werkman	 et	 al.,	
2011),	the	data	from	the	LSMN	has	never	been	applied	in	network	modelling	to	examine	
disease	spread.	
In	 order	 to	 protect	 the	 Thai	 shrimp	 farming	 from	 AHPND	 and	 other	 diseases,	
epizootiological	 studies	 are	 needed.	 Four	 epizootiological	 questions	 are	 therefore	
analysed	 in	 this	 research	 using	 a	 variety	 of	 tools.	 The	 investigated	 epizootiological	
questions	consist	of:	
(1)	What	are	the	risk	factors	for	the	spread	of	AHPND	at	farm	level?	(Chapter	3);	
(2)	How	does	 the	network	 structure	of	 live	 shrimp	movements	 influence	 site-to-site	
disease	transmission?	(Chapter	4);	



















2014:	 aquaculture	 production	has	 increased	 gradually	 from	10	 to	 70	million	 tonnes,	
while	production	from	fish	capture	has	remained	stable	at	c.	80–90	million	tonnes.	
Aquaculture	offers	various	food	commodities:	 fish,	crustaceans	and	molluscs.	Among	
the	 product	 varieties,	 penaeid	 shrimp	 (tiger	 shrimp	Penaeus	monodon	 and	whiteleg	
shrimp	Litopenaeus	vannamei)	are	two	of	the	dominant	species	for	international	trade.	
They	 play	 an	 important	 role	 in	 food	 consumption,	 and	 drive	 economic	 growth	 and	
enhance	people’s	livelihood	in	many	agricultural	countries	(FAO,	2016b).	The	countries	





that	 shrimp	 farming	 has	 become	 widespread	 (Filose,	 1995).	 The	 net	 income,	 for	
example,	of	small-scale	intensive	farming	in	India	was	around	2	000	USD	per	hectare	











Figure 1.1 Volume and percentage of shrimp products (raw shrimp and value-
added shrimp) imports to the USA market by the major producing countries in 
2014 (unit: thousand tonnes). The total shrimp imported into USA was around 570 
thousand tonnes. Thailand was the fifth-largest supplier (FAO, 2015). 
 
Figure 1.2 Volume and percentage of shrimp products (raw shrimp and value-
added shrimp) imports to EU markets by the major producing countries in 2014 
(unit: thousand tonnes). The total shrimp imported into the EU was around 790 










































































































The	 supply	 chain	 for	 farmed	 shrimp	 in	 Thailand	 is	 simple	 (Figure	 1.3).	 For	 hatchery	
production	of	shrimp	seed,	the	wild	broodstock	of	Penaeus	monodon	is	either	captured	











Figure 1.3 The shrimp production chain in Thailand (modified from Alam, 2015 
page 103). The live shrimp movement data used in the research demonstrate the 
movements of live shrimp (shrimp seed) between hatchery, nursery and ongrowing 


















Uddin	 (2008)	 indicates	 that	 the	supply	chain	 for	 farmed	shrimp	starts	 from	hatchery	
sites,	which	produce	shrimp	seed	for	ongrowing	sites.	 Instead	of	direct	selling	to	the	
ongrowing	 sites,	 hatchery	 sites	 pass	 some	 of	 their	 production	 to	 nursery	 sites	 at	
nauplius	 stage	 or	 initial	 postlarval	 stage.	 Then,	 nursery	 sites	 rear	 the	 seed	 from	 the	
nauplius	until	the	postlarval	(PL)	stage	(mostly	PL	10;	reared	for	20	days)	before	selling	
the	production	to	the	ongrowing	sites	(FAO,	2014).	Commonly,	the	production	period	









The	 movements	 of	 live	 shrimp	 in	 each	 of	 the	 steps	 mentioned	 above	 are	 closely	
recorded	in	the	live	shrimp	movement	record	(Kongkeo	and	Davy,	2010;	Yamprayoon	
and	Sukhumparnich,	2010).	This	record	follows	the	aquatic	animal	trade	regulation	of	
Thailand,	B.E.2553	 (2010).	All	 producers	must	 inform	 the	proper	authorities	 (i.e.	 the	
Thailand	Department	of	Fisheries	staff	and	their	representatives)	about	the	movements	
of	 shrimp.	 Instead	of	 a	paper-based	 system	 to	 collect	 the	 shrimp	movement	data,	 a	
computer-based	system	has	been	used	by	Thai	authorities	since	March	2013		and	such	
electronic	 records	 subsequently	 are	 printed	 on	 a	 paper	 for	 checking	 (Songsanjinda,	
2013).	Moreover,	all	shrimp	farming	sites	must	be	registered	legally	and	their	farming	



























remained	unknown,	 the	 Thai	 shrimp	 farmer	 clubs	participated	 in	 setting	up	 suitable	
broodstock	 feeding	practices	 in	hatcheries.	 Shrimp	 fry	 from	broodstock	 treated	with	
non-live	feeds	became	a	key	agreement	between	shrimp	sellers	and	buyers	(Suratthani	
Shrimp	 Farmers	 Club,	 2014).	 Consequently,	 the	 role	 of	 polychaete	 worms,	 bivalve	




Figure	 1.4	 shows	 the	 approximately	 20	 000	 shrimp	 farming	 sites	 in	 Thailand	 that	













Figure 1.4 Overview of shrimp farming in Thailand for two major shrimp species: 
tiger shrimp and whiteleg shrimp, 1999–2013. The left axis of the graph presents 
the number of ongrowing sites.  The right axis shows the yield (in tonnes) of 
farmed shrimp production (modified from Thailand DoF, 2016). 
Regarding	 the	 geographic	 location	 of	 shrimp	 farming	 sites	 in	 Thailand	 (Figure	 1.5),	
Thailand	has	an	approximately	2	600	km-long	shoreline	along	the	Gulf	of	Thailand	and	
the	Andaman	Sea	(Tookwinas	et	al.,	2005),	with	a	large	number	of	shrimp	farming	sites	
































































Figure 1.5 Distribution of Thai shrimp farming sites by province. Data 
summarised from the live shrimp movement data between March 2013 and March 
2014 and figure illustrated using the tmap package, in the 𝑹 Programme 
Environment (R foundation for statistical computing, 2015). The data were also 
used to construct network models in Chapters 4, 5 and 6. 



























immunostimulants	 are	 a	 challenge	 for	 inhibiting	 disease	 spread	 in	 shrimp	 farming	
(Johnson	 et	 al.,	 2008;	 Namikoshi	 et	 al.,	 2004).	 An	 example	 of	 successful	 vaccines	 is	
provided	 on	 vaccination	 trials	 with	 P.	 monodon	 to	 induce	 resistance	 to	 white	 spot	
syndrome	virus	(Vaseeharan	et	al.,	2006). Nevertheless,	there	is	evidence	that	their	use	








disease	 and	 taura	 syndrome,	 together	 with	 their	 routes	 of	 transmission,	 are	 briefly	
outlined	in	this	section	(Disease	boxes	1–6	and	Appendix	A).	Importantly,	in	Chapter	3	
“Evaluating	 risk	 factors	 for	 transmission	 of	 acute	 hepatopancreatic	 necrosis	 disease	














infected	 shrimp	 shows	 red	 discoloration	 spots	 on	 the	 abdomen	 (Soto-Rodriguez	 et	 al.,	
2010).	Shrimp	infected	with	V.	cholerae	show	an	exterior	visual	appearance	of	leg	yellowing	
(Cao	et	al.,	2015).	Vibriosis	leads	to	low	survival	rates	in	hatcheries	and	ongrowing	sites.	In	
many	 cases,	 outbreaks	 of	 vibriosis	 have	 caused	 mass	 mortality	 among	 small	 shrimp	 in	
hatchery	sites,	such	as	in	Taiwan	in	1994	(Liu	et	al.,	1996),	and	China	in	1995	(Vandenberghe	






among	many	of	the	shrimp	producing	countries	 in	Asia	 (e.g.	China,	 Japan,	Korea,	Thailand,	
India	and	Bangladesh)	within	one	or	two	years	of	its	first	detection	(Escobedo-Bonilla	et	al.,	
2008),	and	in	North	America	in	1995	(Lightner,	1999).	Most	shrimp	infected	with	WSSV	exhibit	
white	 spots	 on	 their	 exoskeleton	 and	 lesions	 on	 the	 cephalotholax	 (Cheng	 et	 al.,	 2013;	










The	 first	 YHD	 epizootic	 was	 identified	 in	 Asia	 in	 1990	 (Walker	 and	 Winton,	 2010).	 The	
economic	 losses	 from	 YHD	 outbreaks	 were	 reported	 at	 an	 estimated	 USD	 3	 million	 in	
Thailand	(2008),	for	example	(Senapin	et	al.,	2010).	Gross	signs	of	diseased	shrimp	include	
yellowish	colouration	and	swollen	cephalothorax	(Lio-Po	et	al.,	2001).	Cumulative	mortality	







Figure 1.6 The epidemiological triad (from Rockett, 1999 page 10). 
Pathogens,	 in	 terms	of	microparasites	 such	as	viruses	and	bacteria,	 cause	numerous	
infections	in	shrimp	farming,	despite	the	fact	that	many	control	measures	to	prevent	
microparasitic	 infections	have	been	developed	and	 implemented.	Microparasites	are	
distinguished	 from	 macroparasites	 by	 their	 small	 size,	 the	 short	 time	 required	 to	
complete	their	generation,	and	their	high	ability	 for	direct	 reproduction	within	hosts	
(Anderson	 and	 May,	 1981).	 Thus,	 the	 incidence	 and	 prevalence	 of	 disease	 due	 to	




















susceptibility	 to	 a	 particular	 disease	 is	 affected	 by	 the	 species	 concerned	 (Bell	 and	
Lightner,	 1984;	 Lightner	 et	 al.,	 1998;	Overstreet	 et	 al.,	 1997),	 tolerance	 to	 infection	
(Hameed	et	al.,	2000;	Witteveldt	et	al.,	2006),	and	life	history	stage	(Aguirre-Guzmán	et	
al.,	 2001;	 Sudha	 et	 al.,	 1998).	 Many	 severe	 viral	 outbreaks	 in	 shrimp	 are	 due	 to	






association	 with	 diseases.	 Environmental	 factors	 that	 affect	 shrimp	 health	 include	















demonstrates	 that	 the	 environment	 affects	 the	 susceptibility	 to	 disease	 of	 farmed	
shrimp.	
Disease	box	4:	Infectious	hypodermal	and	haematopoietic	necrosis		




of	 the	 shrimp	 is	 found	 to	 be	 whitish	 in	 diseased	 shrimp	 and,	 generally,	 there	was	 high	
mortality	 (>	 80	%)	after	 shrimp	moulting	 (Lightner	 et	 al.,	 1983b).	 IHHN-infected	 shrimp	








Thailand	 (2011/2012),	Mexico	 (2013),	and,	most	 recently,	 the	Philippines	 (2015).	 It	causes	
high	 mortalities,	 up	 to	 100	 %	 within	 35	 days	 post	 stocking	 (Eduardo	 and	 Mohan,	 2012;	







The	 link	 between	 evidence	 for	 vibriosis	 in	 varied	 conditions	 and	 the	 actual	 field	
conditions	and	farming	practices	that	 leads	to	AHPND	are	reviewed	here	(Table	1.1).	
The	 geographic	 location	 of	 the	 farm	 has	 been	 suggested	 as	 an	 important	 factor	 in	
increasing	the	productivity	of	shrimp	farming	but	also	in	the	susceptibility	to	infection	





to	 large	amounts	of	heavy	organic	material	 from	the	human	community	flowing	 into	
natural	sources	(Mohney	et	al.,	1994;	Reilly	and	Twiddy,	1992).	Farms	located	close	to	
estuaries	 commonly	 faced	widely	 fluctuating	 salinity	 levels,	with	high	 fluctuations	of	
salinity	 from	 35	 %	 to	 5	 and	 15	 %	 being	 associated	 with	 an	 increased	 risk	 of	
V.	 alginolyticus	 infection	 in	 farmed	 whiteleg	 shrimp	 (Wang	 and	 Chen,	 2005).	 Farms	
established	 in,	 or	 close	 to,	 agriculture	 areas	 risked	 contamination	 from	 methyl	









inappropriate	 farming	 management	 practices.	 Shrimp	 fed	 untreated	 Artemia	 risked	
V.	 parahaemolyticus	 and	 V.	 harveyi	 infections	 (Quiroz-Guzmán	 et	 al.,	 2013).	 High	
phytoplankton	 dynamics	 incurred	 an	 abundance	 of	 Vibrio	 spp.	 within	 shrimp	 ponds	
(Lemonnier	 et	 al.,	 2016).	 Tho	 et	 al.	 (2012)	 demonstrated	 that	 sediment	 provided	 a	















abundance	 of	 V.	 cholera	and	V.	 parahaemolyticus	was	 caused	 by	 the	 heavy	 organic	
matter	within	shrimp	ponds	was	proposed	by	Ganesh	et	al.	(2010).	High	pH	levels	(>	7),	
high	salinity	(>	0.5	%)	and	high	ammonia	are	also	related	to	Vibrio	abundance	in	shrimp	
ponds	 (Heenatigala	 and	 Fernando,	 2016;	 Lekshmy	 et	 al.,	 2014;	 Liu	 and	 Chen,	 2004;	
Lokkhumlue	and	Prakitchaiwattana,	2013).	A	high	risk	of	Vibrio	diseases	was	detected	





identified	 as	 a	 risk	 factor	 in	 terms	 of	 increasing	 the	 presence	 of	 V.	 harveyi	 and	
V.	 splendidus	 (Lavilla-Pitogo	 et	 al.,	 1990),	 demonstrating	 the	 importance	 of	 water	


















































































































Figure 1.7 Major routes in site-to-site transmission of shrimp diseases 







Note	 that	 this	 research	 (Chapters	 4,	 5	 and	 6)	 focuses	 on	 the	 domestic	 epizootics	 in	
shrimp	 farming,	 where	 all	 site-to-site	 movements	 of	 live	 shrimp	 can	 serve	 as	 long-




























et	 al.,	 2017).	 Although	 water	 exchange	 results	 in	 a	 decrease	 in	 the	 ammonia	
concentration	 in	 shrimp	 ponds	 (Hopkins	 et	 al.,	 1993),	 where	 the	 exchange	 occurs	
directly	between	shrimp	ponds	and	natural	water	courses	(e.g.	canals,	lakes,	rivers	and	
the	sea),	without	proper	water	treatment,	 this	can	contribute	to	widespread	disease	
through	 hydrological	 connectivity	 (Anh	 et	 al.,	 2010;	 Pruder,	 2004;	 Tendencia	 et	 al.,	
2011).	 Additionally,	 the	 absence	 of	 installation	 of	 crab	 and	 bird	 fencing	 in	 shrimp	
farming	can	aid	local	spread	of	disease	due	to	physical	proximity	of	sites,	as	described	
in	Balakrishnan	et	al.	(2011)	and	Kumaran	(2009).	
The	movement	of	 fomites	 (inanimate	objects	 such	 as	 farming	 facilities,	 vehicles	 and	
staff’s	 clothes)	 aids	 local	 and	 long-distance	 transmission	 by	 introducing	 diseases	 to	
susceptible	 sites	 (Rodgers	 et	al.,	 2011).	Corsin	 et	al.	 (2005)	 found	 that	 there	was	no	
strong	association	between	potential	fomites	(sharing	farming	facilities	and	staff)	and	
disease	 spread	 in	 shrimp	 farming,	 despite	 fomites	 often	 being	 subject	 to	 disease	







For	 modelling	 purposes,	 the	 final	 mode	 for	 disease	 transmission	 between	 sites	 is	













the	 occurrence	 of	 diseases	 and	 their	 transmission,	 and	 the	 disease	 prevention	 and	
control	measures	that	have	been	developed.	The	thesis,	therefore,	includes	a	review	of	
the	 literature	 on	 the	 epidemiological	 and	 epizootiological	 tools	 for	 various	 sectors,	
allowing	the	development	of	effective	tools	to	prevent	and	control	the	spread	of	disease	
spread	individual	site	and	country	levels.	
This	 first	 chapter	has	been	written	 to	 give	 a	 general	 introduction	 to	epizootiological	
tools	for	AHPND	and	other	known	diseases	in	the	Thai	shrimp	farming	sector,	and	to	
demonstrate	the	research	outline	here.	The	remainder	of	the	research	aims	to:	
- Investigate	 the	 risk	 factors	 for	 acute	 hepatopancreatic	 necrosis	 disease	
(AHPND);		
- Demonstrate	the	structure	of	the	live	shrimp	movement	network	(LSMN),	which	






- Identify	 connections	 in	 the	 LSMN	posing	 a	high	 risk	 for	 disease	 transmission,	
leading	towards	the	development	of	disease	surveillance	and	control	algorithms	
for	Thai	shrimp	farming;	and,		










(SEAT),	EU	FP7	research	project.	 Importantly,	 this	survey	data,	 i.e.	disease	mitigation	










shrimp	 farming	 network	 (Chapter	 5).	 These	 algorithms	 include	 various	 network	
centrality	 measurements	 (e.g.	 betweenness,	 eigenvector	 and	 degree),	 and	 their	













effect	 of	 long-distance	 and	 local	 transmission	 on	 the	 AHPND	 epizootic	 dynamics	 in	
Thailand;	they	also	suggest	disease	prevention	and	control	measures	to	explore.			
All	 the	 results	 of	 the	 research	 are	 discussed	 in	 the	 final	 chapter,	 including	 the	














































































































































































































































































































































































































































































































































































































































Chapter 2 - Epidemiological and epizootiological 





the	 development	 of	 disease	 prevention	 and	 control	 strategies.	 The	 chapter	 covers	














Chapter 2 - Epidemiological and epizootiological 
tools for design of disease prevention and control 
strategies 
Advances	 in	technology	and	innovation	have	 led	to	an	 increase	 in	shrimp	farming.	 In	
turn,	 dramatic	 decreases	 in	 global	 shrimp	 production	 due	 to	 widespread	 infectious	
diseases	have	been	widely	reported	(FAO,	2013;	FAO,	2016).	There	have	thus	been	many	
attempts	 to	 design	 disease	 prevention	 and	 control	 measures,	 both	 for	 the	 early	
detection	 of	 diseases,	 and	 for	 maintaining	 the	 sustainability	 of	 the	 shrimp	 farming	
sector	 (Bondad-Reantaso	 et	 al.,	 2005).	 This	 chapter	 is	 intended	 to:	 (1)	 review	 the	
epidemiological	and	epizootiological	tools	that	have	been	the	most	useful	historically	to	
examine	 the	 distribution	 (pattern	 and	 frequency)	 and	 risk	 factors	 for	 disease	
transmission	 among	 a	 population,	 and	 (2)	 identify	 gaps	 in	 current	 epizootiological	
research	 into	 disease	 outbreaks	 in	 shrimp	 farming.	 Epidemiological	 studies	 cover	
experimental,	observational	and	theoretical	approaches,	however,	this	thesis	focuses	




that	 can	 be	 conducted	 with	 experiments.	 Experimental	 studies	 are	 used	 where	 the	
effect	 of	 exposure	 to	 a	 risk	 factor	 is	 evaluated	by	 assigning	 that	 exposure	 alongside	
controls	to	a	study	population	such	as	a	clinical	trial	of	new	drug	for	white	spot	disease	
(WSD)	in	shrimp	(Ocampo	et	al.,	2014).	Much	of	the	experimental	study	of	diseases	has	
been	 done	 in	 the	 context	 of	 testing	 a	 particular	 hypothesis	 in	 the	 laboratory.	 For	

















place	 in	 a	 natural	 environment	 to	 test	 multiple	 hypothesises,	 for	 example,	 where	
multiple	risk	factors	are	thought	to	be	associated	with	the	occurrence	of	disease.	An	
example	of	this	can	be	seen	in	Corsin	et	al.	(2001).	Using	a	cohort	study	design,	about	
100	 potential	 risk	 factors	 have	 been	 investigated	 for	 their	 association	 with	 WSD	
occurring	in	farmed	shrimp	(Corsin	et	al.,	2001).	This	is	one	of	the	three	main	types	of	
observational	studies	as	described	following.	
The	 three	main	 types	 of	 observational	 studies	 are	 cross-sectional,	 cohort	 and	 case–
control	studies.	With	different	temporal	designs,	cross-sectional	studies	are	mainly	used	
to	 determine	 prevalence,	 meaning	 the	 number	 of	 cases	 (diseased	 individuals)	 in	 a	
population	 at	 a	 particular	 point	 in	 time.	 Cohort	 studies	 may	 be	 prospective	 or	
retrospective.	Whereas,	case–control	studies	are	generally	retrospective	(Mann,	2003;	
Song	and	Chung,	 2010).	Among	 these,	 if	 a	population	 sampled	 is	 already	defined	as	







Investigations	 with	 case–control	 studies	 also	 minimise	 the	 incompleteness	 of	 data	
collection	that	 is	often	caused	by	death	or	 inability	to	contact	cases	during	follow-up	
periods.	This	problem	happens	in	prospective	cohort	studies	with	a	large	sample	size	

















of	 the	 disease.	 Cases	 (WSD-infected	 farms)	 were	 identified	 by	 the	
principal	clinical	sign	of	WSD,	i.e.	white	spots	appeared	on	the	body	of	farmed	shrimp,	




to	 the	 transfer	of	 these	pathogens.	 This	 research	has	a	weakly	 temporal	 association	
between	the	presence	of	disease	and	the	risk	factor	because	both	data	were	measured	
simultaneously.	 Thus,	 it	may	difficult	 to	 determine	whether	 the	presence	of	 disease	
followed	exposure	 to	 the	 risk	 factor	 in	 time	or	 exposure	 to	 the	potential	 risk	 factor	




As	 a	 forward-looking	 approach,	 a	 prospective	 cohort	 study	 investigates	 individual	
groups	 moving	 forwards	 from	 exposure	 to	 a	 risk	 factor	 to	 the	 later	 presence	 (or	
absence)	of	a	study	disease	(Grimes	and	Schulz,	2002).	In	shrimp	farming,	a	prospective	






farm,	 and	 a	 six-month	 follow-up	 of	 the	 study	 disease.	 Cases	 (infected	 ponds)	 were	
defined	by	a	PCR	test.	The	main	result	indicated	that	earthen	shrimp	ponds	established	
close	to	the	sea	were	associated	with	an	increased	risk	of	WSD	presence.	This	research	
could	utilise	 a	 cohort	 study	because	of	 the	 short	production	 cycle	of	 farmed	 shrimp	
(around	six	months)	and	the	use	of	a	small	number	of	epizootiological	units	(24	shrimp	
ponds	of	a	farm).	
In	 contrast	 to	 prospective	 cohort	 studies	 and	 cross-sectional	 studies,	 a	 case–control	
study	 is	 a	 retrospective	 or	 backward-looking	 approach	 (Hoffmann	 and	 Lim,	 2007;	
Pearce,	2012).	Study	 individuals	are	already	divided	 into	 two	groups:	cases	 (denoted	
diseased	 individuals)	 and	 controls	 (referred	 non-diseased	 individuals),	 and	 then	
exposure	to	candidate	risk	factors	in	the	past	in	each	group	is	examined	(Mann,	2003).	
Recently,	 a	 case–control	 study	 was	 designed	 to	 identify	 the	 risk	 factors	 for	 AHPND	
(Boonyawiwat	et	al.,	2016).	Cases	were	obtained	from	reporting	of	disease	occurrences	
by	 farmers	 to	 local	 staff	 of	 the	 Thailand	 Department	 of	 Fisheries.	 During	 the	 study	
period,	 the	 pathogenic	 agent	 of	 this	 disease	 remained	 unknown	 (the	 PCR	 test	 was	
unavailable),	 but	 the	 cases	 were	 confirmed	 by	 histopathology	 based	 on	 the	 major	
AHPND	signs	given	in	NACA	(2014).	This	research	suggested	five	factors	which	related	
to	increased	risk	of	AHPND	occurrence	at	shrimp	pond	level,	i.e.	the	use	of	chlorine	for	





to	 be	 related	 to	 multiple	 risk	 factors,	 especially	 in	 respect	 to	 farm	 management	
practices.	
This	 section	 has	 described	 the	 main	 types	 of	 observational	 study	 designs	 for	
epidemiology	that	are	used	to	evaluate	the	risk	factors	for	shrimp	diseases.	To	gain	more	
knowledge	of	disease	 spread	and	 to	design	effective	disease	prevention	and	 control	













diseases	 transmitted	 among	 shrimp	 farming	 sites	 in	 Thailand,	 since	 these	 epizootic	











can	complete	 its	 life	cycle	(multiply)	within	an	 individual	host,	while	a	macroparasite	
utilises	one	or	more	hosts,	or	is	partly	free	living.	A	microparasite	(viruses,	bacteria,	fungi	
and	 protozoans)	 is	 a	 very	 small	 organism	 but	 a	macroparasite	 (e.g.	 arthropods	 and	
worms)	 is	 larger	and	can	be	counted.	Nevertheless,	 it	should	be	noted	that	although	
some	microparasites	are	“micro”	in	scale,	their	nature	tends	to	be	“macro”	in	modelling.	
An	example	is	free-living	ciliate	protozoans.	Recently,	they	have	been	shown	to	cause	
ectoparasitic	 diseases	 of	 farmed	 shrimp	 in	 Iran,	 i.e.	mostly	 by	 species	 of	 the	 genus	






To	 model	 the	 dynamics	 of	 microparasite	 transmission,	 the	 Kermack-McKendrick	
mathematical	model	is	widely	used	(Diekmann	et	al.,	1995;	Kermack	and	McKendrick,	
1927).	 Table	 2.1	 shows	 three	 well-known	 mathematical	 model	 types	 and	 their	
application	to	microparasite	infections	(often	in	human	diseases),	in	which	an	individual	
can	 be	 in	 one	 of	 three	 compartments:	𝑆	 (susceptible),	 𝐼	 (infectious)	 or	𝑅	 (recovery,	
removed,	death	or	quarantine).	Thus,	they	are	also	called	compartmental	models.		
Table 2.1 Three well-known compartmental models and their application to 
microparasite infections 
Model	 Host	 Microparasite	disease	𝑆𝐼𝑅 Human	 Measles	(Bjørnstad	et	al.,	2002;	Sattenspiel	and	Dietz,	1995;	Shulgin	et	
al.,	 1998),	 influenza	 (Brauer,	 2008),	 dengue	 fever	 (Feng	 and	 Velasco-
Hernández,	 1997),	 chickenpox,	measles,	mumps	 and	 influenza	 (Allen,	
2008;	Coburn	et	al.,	2009;	Feng	and	Velasco-Hernández,	1997),	and	Zika	
virus	(Bewick	et	al.,	2016)	








death	 while	 𝑆𝐼𝑆	 models	 (susceptible-infectious-susceptible)	 have	 been	 used	 for	
diseases	with	little	or	no	immunity	(Allen,	1994;	Blyuss	and	Kyrychko,	2005;	Feng	and	
Velasco-Hernández,	 1997;	 Keeling	 and	 Eames,	 2005).	 Hence,	 in	 the	 𝑆𝐼𝑆	 models	 an	
individual	can	become	susceptible	after	that	individual	recovers	from	an	initial	infection.	








A	 unique	 compartmental	 model	 may	 not	 be	 sufficient	 to	 model	 all	 the	 various	
mechanisms	 for	 disease	 transmission.	 In	 many	 cases	 of	 studying	 epidemiological	
patterns	 (e.g.	 spread	by	multiple	 transmission	 routes),	 researchers	have	added	extra	
compartments	 into	the	standard	mathematical	model	to	gain	more	understanding	of	
the	realistic	disease	transmission	(Johnson	et	al.,	2016;	Ng	et	al.,	2003;	Tien	and	Earn,	













transmission.	 They	 state	 that	 the	dynamics	of	macroparasite	 infections	are	much	more	
dependent	on	the	number	of	parasites	in	a	host.	Thus,	modelling	based	on	the	number	of	
hosts,	 parasites,	 and	 free-living	 infective	 stages	 becomes	more	 efficient	 than	 standard	
compartmental	models	(May	and	Anderson,	1979).	
For	 the	 outbreak	 of	 AHPND	 (a	 microparasite	 infection)	 in	 Thai	 shrimp	 farming,	 the	𝑆𝐸𝐼𝑅𝑆	compartmental	model	is	a	useful	tool	to	model	the	epizootic	dynamics	at	site	
level.	Four	compartments	in	the	𝑆𝐸𝐼𝑅𝑆	model:	susceptible	(𝑆),	exposed	(𝐸),	infected	(𝐼)	















Mass-action	 models	 assume	 disease	 transmission	 in	 a	 homogenous	 population	 of	
humans,	 animals	 or	 farming	 sites	 (Hethcote	 and	 Van	 Ark,	 1987;	 Nold,	 1980).	 For	
example,	the	following	𝑆𝐼	epidemic	model	divides	𝑆	and	𝐼	into	two	compartments	that	
are	 differentially	 susceptible	 and	 infectious.	 The	 rate	 of	 individual	 in	 class	 𝑖	 being	
infected	at	time	𝑡	is:	
	
where	𝑆> + 𝐼> = 𝑁> 	at	all	times,	the	parameters	𝛼	and	𝛽	are	a	constant	contact	rate	and	
transmission	rate	per	unit	time,	respectively.		
In	 addition,	 the	 direction	 of	 disease	 transmission	 is	 neglected	 in	 most	 mass-action	






















Figure 2.1 Potential pathway for disease transmission via live shrimp movements 
in Thailand. The main pathway is downstream towards the ongrowing sites. There 
are a small number of upstream movements (from ongrowing sites to 





models	 (Funk	 et	 al.,	 2010;	 Perisic	 and	 Bauch,	 2009).	 The	 major	 difference	 between	
network	models	and	mass-action	models	is	that	the	network	models	can	capture	the	
























to	 a	 group	 of	 sites	 (network	 terminology,	 nodes)	 connected	 by	 direct	 or	 indirect	







presented	 network	 types	 that	 have	 often	 been	 used	 in	 epidemic	modelling:	 random,	
lattice,	 Watt–Strogatz	 small	 world	 and	 Barabasí–Albert	 scale-free	 networks.	
Demonstrations	of	these	simulated	networks	are	shown	in	Figure	2.2.		
 
Figure 2.2 Epidemic network models often are often characterised by these five 
simulated networks. All networks contain 20 nodes. The probability of each 
connection is 0.4 for drawing the random network, and 0.1 for drawing the 
small-world network. 
The	theoretical	distinguishing	properties	in	simulated	networks	are	useful	to	determine	

















(Christley	 et	 al.,	 2005a;	 Kiss	 et	 al.,	 2006).	 Poisson	 degree	 distribution,	 a	 major	
characteristic	of	random	networks,	is	less	often	found	in	reality	(Newman	et	al.,	2002),	
but	many	real	networks	are	found	to	have	other	properties,	such	as	those	of	small-world	
networks	 and	 scale-free	 networks.	 A	 small-world	 network	 is	 characterised	 by	 high	
clustering,	and	short	path	lengths	(distances	between	sites)	(Watts	and	Strogatz,	1998).	
As	 measured	 by	 a	 clustering	 coefficient,	 clustering	 is	 defined	 as	 the	 tendency	 for	
triangles	of	connections	 to	exist	 in	networks	 (Newman,	2008).	Small-world	networks	
with	short	mean	path	lengths	also	link	to	the	small-world	experiment	of	Milgram	et	al.	
(1992)	who	studied	the	‘six	degrees	of	separation’	theory.	They	propose	that	individuals	
can	 get	 a	 piece	 of	 information	 (or	 a	 disease)	 via	 a	 connection	 of	 no	more	 than	 six	
intermediates	 (Milgram	 et	 al.,	 1992;	 Watts,	 1999).	 Infection	 within	 small-world	
networks	is	commonly	fast,	mainly	due	to	their	short	path	lengths	(the	number	of	paths	
traversed	 between	 a	 site	 pair)	 (Kiss	 et	 al.,	 2006;	 Newman,	 2008).	 For	 scale-free	
networks,	 degree	 distributions	 lie	 on	 a	 power-law	 form	𝑃(𝑘)~𝑘/0	 (Barabasi,	 2009;	
Pastor-Satorras	and	Vespignani,	2001).	Most	sites	in	a	scale-free	network	have	a	small	
number	 of	 connections,	 but	 a	 few	 sites	 have	 a	 large	 numbers	 of	 connections.	 The	
heterogeneity	 in	 these	 site	 degrees	 becomes	 more	 interesting	 in	 terms	 of	 disease	
prevention	and	control,	particularly	in	designing	a	control	strategy	at	the	most	highly	
connected	sites	(Barthélemy	et	al.,	2005).		
In	 terms	of	 the	application	of	 theoretical	 studies	 in	epidemiology,	most	of	 them	can	
represent	disease	spread	in	whole	populations	and	lead	to	the	development	of	efficient	
disease	surveillance	and	control	measures.	 In	order	to	achieve	the	aim	of	this	thesis,	
therefore,	 network	 models	 for	 targeted	 disease	 surveillance	 and	 control	 will	 be	
addressed	in	the	next	sub-section.	
2.3.2.3 Network	models	for	targeted	disease	surveillance	and	control	
Targeted	 disease	 surveillance	 and	 control	 using	 a	 risk-based	 approach	 is	 one	 of	 the	








of	 investigating	 targeted	 pathogens,	 while	 passive	 surveillance	 utilises	 laboratory	
samples	submitted	for	disease	testing	purposes	(Burgess	and	Morley,	2015).	There	are	
several	 limitations	 with	 these	 surveillance	 programmes,	 however,	 such	 as	 a	 lack	 of	




surveillance	 and	 control	 is	 that	 high-risk	 connections	 serve	 strongly	 as	 a	 potential	
transmission	 route	 for	 infectious	diseases;	 and	 thus	 their	 removal	 from	 the	network	
leads	 to	 a	 decrease	 in	 transmission	 (Duan	 et	 al.,	 2005;	 Green	 et	 al.,	 2012;	 Lou	 and	
Ruggeri,	2010).	Bajardi	et	al.	(2012)	argue	that	targeting	disease	surveillance	and	control	
approaches	 based	 on	 centrality	measures	may	 fail	 to	minimise	 the	 epidemic	 in	 the	




not	 perform	well	 for	 others,	 because	 such	 networks	 have	 particular	 structures.	 For	
example,	 the	algorithm	based	on	betweenness	 centrality	 related	well	 to	 the	 specific	
properties	 of	 the	 network	 of	 livestock	 movements	 in	 France,	 which	 displayed	 a	
scale-free	 network	 and	 a	 large	 connected	 component	 (a	 giant	 strongly	 connected	







Table 2.2 Centrality measures studied in five networks of farmed animal 











Degree		 x	 x	 		x*	 		x*	 x	
Betweenness		 x	 		x*	 x	 x	 		x*	
Community-bridging		 x	 	 	 	 	
Greedy		 		x*	 	 	 	 	
Eigenvector		 x	 	 x	 	 	





























of	 individual-based	 modelling	 is	 the	 ability	 to	 track	 individuals	 in	 a	 population.	 In	
individual-based	 models,	 the	 transmission	 of	 diseases	 can	 be	 tracked	 at	 microscale	




outbreaks,	and	supporting	decision-makers	 in	 the	development	of	control	 strategies.	
They	have	been	mainly	 applied	 in	 recent	 epidemiological	 studies	of	 human	diseases	
such	as	tuberculosis	(Cardona	and	Prats,	2016),	and	animal	diseases	such	as	vibriosis	
(Paillard	et	al.,	2014)	
An	 important	 reason	 for	 choosing	 individual-based	models	 is	 that	 the	 modelling	 of	
infectious	 disease	 transmission	 has	 become	 very	 complex	 (Gu	 et	 al.,	 2003).	 The	
complexities	in	modelling	epidemic	dynamics	are	illustrated	in	the	following	examples.	









has	been	a	 recent	 increase	 in	 the	number	of	 individual-based	models	and	stochastic	
models	 for	 predicting	 infectious	 disease	 dynamics.	 To	 incorporate	 stochasticity	 in	
individual-based	models,	Rattana	et	al.	(2013)	used	the	Gillespie	algorithm	to	determine	








An	 important	 concept	 that	 is	 established	 in	many	 individual-based	models	 is	 that	of	
metapopulation	concept.	This	concept	emphasises	that	 individuals	often	characterise	


















the	 time	 of	 commencement	 of	 this	 study,	 farmers'	 knowledge	 of	 shrimp	diseases	 is	
directly	relevant	in	order	to	develop	a	case	definition	for	AHPND.	Thai	farmers	have	long	
experience	in	farming	shrimp,	combined	with	the	experience	of	losses	due	to	diseases	
(Tookwinas	 et	 al.,	 2005).	When	 infections	 occur,	 farmers	 are	 able	 to	 submit	 farmed	
shrimp	 for	diagnosis	of	diseases	 in	many	aquatic	animal	health	services	both	private	





knowledge	 about	 shrimp	 diseases.	 Thai	 farmers	 are	 therefore	 able	 to	 differentiate	
AHPND	cases	from	other	shrimp	diseases.		
For	 Thai	 shrimp	 farming,	 data	 on	 live	 shrimp	 movements	 from	 source	 sites	 to	
destination	sites	are	available	(SEAFDEC/MFRDMD,	2016).	This	kind	of	data	is	important	
for	 studying	 recent	 epizoology.	 The	 potential	 transmission	 of	 AHPND,	 and	 other	





transmission.	 During	 these	 periods,	 farmed	 shrimp	 are	 infected	 by	 AHPND,	 but	 no	
clinical	signs	of	that	disease	appear	at	site	level	(Tran	et	al.,	2013).	Nonetheless,	these	
exposed	 sites	 remain	 infectious.	 After	 a	 site	 is	 infected	 with	 the	 disease,	 different	
fallowing	 periods	 are	 presented	 given	 different	 farming	 management	 practices	 for	
removing	the	disease.	Then,	the	sites	start	a	new	crop	and	become	at	risk	of	re-infection	
(this	evidence	was	observed	in	the	epizootiological	survey	reported	in	Chapter	3).	This	
indicates	 that	 the	 𝑆𝐼	 model	 for	 AHPND	 epidemic	 dynamics	 requires	 extra	
compartments,	i.e.	exposed	(𝐸)	and	removed	(𝑅)	states.	
Another	 epidemiological	 tool	 that	 can	 be	 applied	 for	 studying	 AHPND	 epizootic	
dynamics	 in	 Thai	 shrimp	 farming	 is	 the	 compartmental,	 individual-based	 epidemic	
model.	This	model	is	helpful	in	testing	control	strategies	by	changing	parameters	such	
as	 lower	 rates	 of	 long-distance	 transmission,	 denoting	 better	 disease	 control	
arrangements	in	the	country	(Riley	et	al.,	2003).	
To	 conclude,	 the	 epidemiological	 and	 epizootiological	 tools	 that	 we	 present	 in	 this	












































































































































































































































































































































































































































































Chapter 3 - Evaluating risk factors for transmission 
of acute hepatopancreatic necrosis disease 









operating	 characteristic	 curve	and	cross-validation	analysis)	were	applied	 than	 those	
used	in	the	original	master’s	thesis.	The	survey	data,	i.e.	farming	management	practices	















Chapter 3 - Evaluating risk factors for transmission 
of acute hepatopancreatic necrosis disease 
(AHPND) in the Thai shrimp farming sector  
3.1 Abstract 
In	this	study,	the	risk	factors	for	site-to-site	transmission	of	AHPND	were	evaluated	in	
Thailand	using	a	 cross-sectional	 approach.	An	unbiased	 sample	 frame	of	206	 shrimp	
farms	 (previously	participated	 in	 the	Sustaining	Ethical	Aquaculture	Trade	 (SEAT),	EU	
FP7	 research	project)	were	engaged	 in	 four	 consecutive	 structured	 surveys	 in	2013–





Southern	 farms	 showed	 a	 delay	 in	 AHPND	 onset,	 and	 large-scale	 farms	 that	 usually	
invested	 in	more	 biosecurity	 resources	 than	 others	 also	 showed	 a	 delayed	 onset	 of	
AHPND.	 The	 cumulative	 incidence	 of	 AHPND	 in	 southern	 and	 large-scale	 farms	
increased	 sharply	 after	 the	 first	 occurrence	 AHPND,	 however.	 Two	 risk	 factors	 for	
AHPND	transmission	were	found:	earthen	ponds	were	less	risky	with	an	odds	ratio	(𝑂𝑅)	
of	0.25	(95	%	CI	0.06–0.8;	P-value	=	0.02)	compared	with	shrimp	rearing	in	fully	plastic-
lined	 ponds;	 and	 the	 absence	 of	 pond	 harrowing	was	 higher	 risky	with	 an	𝑂𝑅	 of	 3.9	














syndrome	 (EMS)	prior	 to	 the	 recent	detection	of	a	bacterial	pathological	agent	 (OIE,	
2013;	Thitamadee	et	al.,	2016)	was	first	detected	in	China	in	2009.	It	was	subsequently	
reported	 in	 Vietnam	 in	 2010,	Malaysia	 and	 Thailand	 in	 2011	 (Eduardo	 and	Mohan,	
2012),	Mexico	in	2013	(Nunan	et	al.,	2014)	and	the	Philippines	in	2014	(Leobert	et	al.,	
2015),	whereas	mass	mortalities	 attributed	 to	Vibrio	 species	 in	 Indian	 shrimp	 farms	
were	non-AHPND	(Kumar	et	al.,	2014).	
AHPND	(most	Thai	farmers	called	this	disease	"EMS"	or	"EMS/AHPND")	was	reported	in	
Thailand	 at	 first	 time	 in	 the	 east	 central	 provinces	 in	 late	 2011	 (FAO,	 2013)	 and	 in	
southern	producer	provinces	in	late	2012.	In	each	instance,	the	incidence	rose	sharply	
in	 the	 months	 following	 the	 first	 detection,	 resulting	 in	 widespread	 precautionary	
fallowing	of	ponds	as	the	primary	farmer	response	(Flegel,	2012).	Although	the	disease	
affects	 a	 wide	 range	 of	 important	 commercial	 penaeid	 shrimp	 species,	 including	




first	 35	 days	 of	 culture	 in	 newly	 prepared	 ponds	 (FAO,	 2013b;	 Flegel	 and	 Lo,	 2014;	




























were	 identified	 and	 compared	on	 the	basis	 of	 potential	 causal	 attributes.	 The	 study	
aimed	to	assess	(1)	the	association	of	environmental	and	farm-management	risk	factors	
with	the	geographical	prevalence	and	incidence	of	putative	AHPND	cases	in	Thailand	in	







other	 secondary	 literature	 on	 Thai	 and	 global	 AHPND	 outbreaks.	 Based	 on	 this	
information,	an	‘AHPND	case	decision-tree’	was	constructed	around	four	specific	and	
measurable	indicators:	(1)	date	of	onset	of	the	first	clinical	signs	of	AHPND,	(2)	the	age	







in	 this	 final	 step,	 picture	 cards	 showing	 gross	 AHPND	 whitish	 and	 atrophied	
hepatopancreas	 pathology	 (FAO,	 2013;	 NACA,	 2014)	 were	 shown	 alongside	 those	
showing	 clinical	 signs	 of	 other	 high-prevalence	 shrimp	 diseases	 (white	 spot	 disease,	
yellow	 head	 disease,	 taura	 syndrome,	 vibriosis	 and	 infectious	 hypodermal	
haematopoietic	 necrosis	 virus:	Murray	 et	 al.,	 2013).	 The	 picture	 cards	 are	 shown	 in	
Appendix	A	at	the	end	of	this	thesis.	
3.3.2 Candidate	risk	factors	for	AHPND	occurrence	at	farm	level	
Candidate	 farm-level	 risk	 (i.e.	 independent)	 factors	 for	 AHPND	 occurrence	 were	
reviewed	from	secondary	data	(Akazawa	and	Eguchi,	2013;	FAO,	2013;	Panakorn,	2012)	
and	 key	 informant	 opinion	 (Thai	 Department	 of	 Fisheries	 or	 DoF	 staff	 and	 farmers:	
Section	 3.3.4).	 In	 addition,	 potential	 risk	 factors	 were	 also	 mined	 from	 an	 earlier	
‘Integrated	Farmer	Survey’	(Section	3.3.3).	A	diverse	range	of	24	factors	(Table	3.1)	was	
short-listed	 covering	 farm	 scale	 and	 location,	 farming	 experience,	 management	
practices,	farm	infrastructure	and	water	management	characteristics.	

























DoF	 offices	 between	 2009	 and	 2014	 (Thailand	 DoF,	 2016),	 followed	 by	 randomised	
selection	of	farm	clusters	and	individual	farms	within	clusters.	The	results	of	the	current	
study	 are	 therefore	 expected	 to	 be	 generalisable	 to	 wider	 Thai	 shrimp	 production	
conditions.	
In	more	 detail,	 this	 frame	was	 based	 on	 a	multi-phase,	 random	 sampling	 approach	
stratified	 on	 farm-scale	 and	 location,	 i.e.	 being	 conducted	 across	 the	 principal	 Thai	
farming	 areas	 in	 east	 central	 (Chachoengsao	 and	 Chanthaburi	 provinces)	 and	 south	
Thailand	 (mainly	 Suratthani	 province	 and	 some	 areas	 in	 Songkhla	 province).	 Farm	
selection	 was	 stratified	 on	 three	 scale	 levels—large,	 medium	 and	 small—based	 on	
indicators	of	business	ownership,	labour	pattern,	farm	management	and	the	number	of	
ongrowing	ponds,	as	shown	in	Table	3.2	(Murray	et	al.,	2013).		
Table 3.2 Criteria used for classifying Thai shrimp farms into three scales: small, 











































ponds	affected,	mortality	 rates,	 age	of	diseased	 shrimp,	management	practices,	 and	
measures	taken	to	mitigate	disease	transmission	or	recurrence,	as	shown	in	Appendix	B	
at	the	end	of	this	thesis.	


































at	 farm	 level.	 All	 statistical	 analyses	 were	 conducted	 within	 the	 𝑅	 Programme	
Environment	 (R	 foundation	 for	 statistical	 computing,	 2015).	 The	 risk	 of	 AHPND	was	






 𝑅GHI7JGK	  = Cases	with	risk	factorNon-cases	with	it  
 𝑅;78[\76 = Cases	without	risk	factorNon-cases	without	it  





























different	 cut-off	 points	 obtained	 from	 estimated	 probabilities	 (log	 odds)	 to	 define	
predicted	cases	and	non	cases.	The	y	coordinates	on	the	ROC	curve	for	a	model	were	
derived	 as	 true	 positives	 (sensitivity),	 and	 the	 x	 coordinates	 were	 derived	 as	 false	
positives	(1-specificity)	at	each	cut-off	point.	Based	on	the	area	under	the	ROC	curve	










Figure 3.1 A flow chart of the methodology used in evaluating risk factors for 
transmission of acute hepatopancreatic necrosis disease (AHPND) in Thai shrimp 
farming. The survey design contained four major phases. Data analysis evaluated 






































































advisory	 (2014),	cases	classified	as	 lower	or	higher	probability	AHPND	cases	 in	Tier	3	
were	 subjected	 to	 further	 confirmation	 according	 to	 the	 following	 additional	
behavioural	gross	pathological	signs:	

















Figure 3.2 The AHPND decision tree for determination of higher AHPND 
probability, lower AHPND probability, and no AHPND. The decision was based 
upon four tiers including the significant behavioural gross pathological clinical 
signs of AHPND. 
3.5.1.2				Completed	interviews	















































Table 3.3 The outcome from the telephone survey (Phase 1) followed by face-to-face 
interviews (Phase 2) 
Region	 East	 South	
Total	Province	 Chanthaburi	 Chachoengsao	 Suratthani	 Songkhla	
farm	scale	 S	 M	 L	 S	 M	 L	 S	 M	 L	 S	 M	 L	
Completed	
interview	
22	 7	 3	 43	 9	 0	 27	 25	 4	 0	 0	 3	 143	
Non-response	
for	calling	
4	 2	 0	 7	 2	 0	 6	 10	 0	 0	 0	 4	 35	
Invalid	contact	
number	
3	 0	 1	 3	 1	 0	 4	 1	 0	 0	 0	 0	 13	
Not	engaged	in	
shrimp	farming	
3	 2	 0	 3	 1	 0	 5	 0	 0	 0	 0	 1	 15	



















Case	 Control	 Case	 Control	 Case	 Control	
Small	 26	 24	 5	 14	 31	 38	
Medium	 8	 3	 9	 12	 17	 15	
Large	 2	 0	 1	 2	 3	 2	







disease	 in	 the	 east,	 Chanthaburi	 province	 had	 the	 highest	 AHPND	 prevalence,	
accounting	for	44	%	(14	of	32)	of	sample	farms	in	Chanthaburi,	followed	by	42	%	(22	of	
52)	of	sample	farms	in	Chachoengsao,	and	37	%	(15	of	56)	of	sample	farms	in	Suratthani.	












Figure 3.3 Report of disease status stratified according to geographic location and 
farm-scale between January 2012 and May 2013. AHPND was the main disease 
problem for Thai shrimp farming.  Other diseases included white spot disease, 
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Figure 3.4 The cumulative incidence of AHPND between January 2012 and May 
2013, accounting to two regions (a) and three farm-scales (b). 
3.5.3 Risk	factors	for	AHPND	transmission	at	farm	level	
The	 results	 of	 the	 univariate	 analysis	 are	 summarised	 in	 Table	 3.5.	 Two	 of	 the	 24	
variables	were	associated	with	AHPND	at	farm-level	at	the	0.05	significance	level.	The	
first	variable	was	the	earthen	pond–a	significant	risk	factor	for	AHPND	with	an	𝑂𝑅	of	0.25	
(CI	 0.06–0.8;	 P-value	=	0.02);	 the	 second	 was	 the	 absence	 of	 pond	 harrowing–a	
significant	risk	factor	for	AHPND	with	an	𝑂𝑅	of	3.9	(CI	1.3–12.6;	P-value	=	0.01).	These	













































Table 3.5 The statistically significant risk factors for AHPND with odds ratios 
(𝑶𝑹s) and 95 % confidence intervals 
Variable	 Case	No.	 Control	No.	 P-value	 𝑶𝑹	(CI)	






















Table 3.6 Unconditional logistic regression analysis of risk factors for AHPND 

















percentage	 correct	 of	 the	 two	 models	 obtained	 from	 the	 unconditional	 logistic	
regression	is	around	65	%	according	to	our	data	sets	(referred	to	as	“D1”	and	“D2”).	
Table 3.7 Cross-validation results on the AHPND models obtained from 
unconditional logistic regression  




Model	2:	Pond	management	 65	%	 63	%	 64	%	
Using	the	ROC	approach,	both	models	were	plotted	for	their	ability	to	predict	AHPND	












Figure 3.5 ROC curves for AHPND models. Model 1 with two variables: 
ongrowing pond type and pond management. Model 2 with one variable: pond 
management. Both models obtain the AUC > 0.5 (better results than random). The 










The	 initial	 AHPND	 distribution	 in	 Thailand	 during	 January	 2012	 and	 May	 2013	 was	
examined	in	the	sample	frame	of	this	observational	epizoology	study.	The	first	incidence	
occurred	in	the	eastern	provinces	in	January	2012,	and	delayed	incidence	in	the	south	
in	 December	 2012,	 at	 a	 higher	 cumulative	 incidence.	 A	 need	 for	 improvements	 in	
biosecurity	 in	 Thai	 shrimp	 farming	 is	 implied	 through	 this	 research,	 given	 that	 the	
incidence	of	AHPND	occurred	in	all	farm	scales,	even	the	large	commercial	farms	which	
generally	invest	more	biosecurity	resources	in	shrimp	farming	than	others.		
In	 this	 research,	 the	 identified	 risk	 factors	 for	 AHPND	 transmission	 emphasise	 the	
importance	 of	 environmental	 farming	 managements.	 One	 of	 these	 risk	 factors	 is	











earthen	ponds	 to	 raise	shrimp.	Earthen	ponds	with	a	 large	area	of	pond	soil	play	an	
important	 role	 in	 shrimp	 farming	 production.	 For	 example,	 they	 provide	 a	 higher	
capacity	 to	accumulate	and	absorb	nutrients	 (nitrogen	and	phosphorus)	 and	organic	






ammonia	 (Avnimelech	 and	 Ritvo,	 2003;	 Boyd	 et	 al.,	 2002;	 Hargreaves,	 1998).	





fully	 lined	 ponds	 may	 contain	 gaps	 in	 the	 plastic	 sheets	 from	 installing	 aerators	 or	
feeding	trays,	and	due	to	the	short	lifetime	of	plastics	of	around	2–5	years.	These	leaks	
allow	anaerobic	organisms	to	grow	underneath	the	plastic	sheets	and	increment	the	risk	
of	 AHPND.	 The	 disadvantage	 of	 pond	 lining	 has	 been	 stated	 by	 Boyd	 (2014),	 i.e.	




pathogens,	 and	 other	 comparative	 organisms	 through	 proper	 pond	 management	
techniques,	such	as	liming,	pond	drying,	and	pond	bottom	harrowing.	According	to	our	
research,	not	performing	harrowing	before	stocking	was	a	factor	that	increased	the	risk	
of	 AHPND	 transmission.	 This	 finding	 is	 explained	 by	 the	 advantages	 of	 harrowing	 in	









facultative	 anaerobic	 bacteria	 such	 as	V.	 parahaemolyticus	 (Youngren-Grimes	 et	 al.,	








epizootiological	 tool:	 it	 supports	 epizoology	 in	 terms	 of	 being	 a	 quicker	 and	 less	
expensive	analysis.	 Furthermore,	 the	 case-identification	AHPND	decision	 tree	 can	be	
adapted	when	there	is	recurrence	of	AHPND,	or	the	gross	signs	of	disease	pathology	can	






the	 survey	 design	 because	 the	 sample	 farms	 may	 have	 lower	 operating	 costs,	
lower	 quality	 facilities,	 or	 misunderstanding	 of	 appropriate	 biosecurity	 practices,	
meaning	 that	 the	 sample	 farms	 are	 more	 likely	 to	 get	 infections	 because	 they	 are	





and	experience	with	disease	problems,	 the	Phase	1	population	 should	provide	 good	







at	 shrimp	 farming	 sites.	 Other	 risk	 factors	 for	 AHPND	 may	 be	 included	 in	 further	
research	and	cross-sectional	studies,	however.	Effective	strategies	to	develop	disease	
prevention	 and	 control	 at	 the	 country	 level	 are	 also	 needed.	 This	 can	 be	 achieved	
through	analysing	 the	 structure	of	 the	 live	 shrimp	movement	network	 to	 gain	more	









































































































































































































































Chapter 4 - Analysis of the network structure of the 
live shrimp movements relevant to AHPND epizootic 
N.	Saleetid;	D.M.	Green;	F.J.	Murray	
Preface	
The	 fourth	 chapter	 analyses	 the	 structure	 of	 the	 live	 shrimp	movement	 network	 of	
Thailand	(LSMN)	using	graph	theory	and	network	approaches.	The	analysis	is	aimed	at	
finding	 the	 real	 structure	 of	 the	 LSMN	 and	 to	 thereby	 suggest	 potential	 disease	
transmission	 mechanisms,	 which	 is	 an	 important	 step	 towards	 the	 prevention	 and	
control	 of	 a	 disease	 epizootic.	 The	 epizootiological	 survey	 conducted	 in	 Chapter	 3	
provides	information	on	disease	mitigation	measures	as	an	aid	in	interpreting	results	in	
this	 chapter.	 The	 chapter	 is	 designed	 for	 publication,	 and	 thus,	 the	 spread	 of	 acute	
hepatopancreatic	 necrosis	 disease	 (AHPND)	 is	 described	 again	 in	 the	 introduction	
section.	The	first	part	describes	the	general	characteristics	of	 the	LSMN.	Second,	 the	
network	 is	 visualised	 according	 to	 the	 provincial	 borders	 of	 Thailand.	 Then	 it	 is	
quantified	 using	 statistical	 and	mathematical	measures.	 The	 final	 part	 discusses	 the	





of	disease.	To	 increase	understanding	of	 the	 spread	of	disease	 from	site	 to	 site,	 the	
LSMN	was	modelled	and	 its	 structure	examined	 in	 terms	of	 relating	 these	 factors	 to	
potential	 disease	 epizootics	 between	 sites.	 This	 is	 the	 first	 project	 to	 use	 network	
modelling	to	characterise	potential	disease	transmission	in	the	shrimp	farming	sector	







Chapter 4 - Analysis of the network structure of the 
live shrimp movements relevant to AHPND epizootic  
4.1 Abstract	
This	 research	 models	 and	 analyses	 the	 live	 shrimp	 movement	 network	 of	 Thailand	
(LSMN),	which	has	a	potential	effect	on	site-to-site	disease	transmission.	The	movement	
data	 were	 collected	 over	 a	 13-month	 period	 from	 March	 2013	 to	 March	 2014.	
Importantly,	the	spread	of	acute	hepatopancreatic	necrosis	disease	(AHPND),	and	other	
known	 diseases,	 occurred	 during	 the	 period	 covered.	 Results	 show	 that	 large-scale	
connectivity	in	the	LSMN	typically	relies	on	inter-province	movements	with	an	average	
distance	of	around	200	km.	The	LSMN	was	examined	by	network	modelling	and	found	
to	 have	 a	 mixture	 of	 characteristics	 both	 hindering	 and	 aiding	 disease	 spread.	 For	
hindering	 transmission,	 the	 correlation	 between	 𝑖𝑛	 and	 𝑜𝑢𝑡	degrees	 was	 weakly	
positive,	i.e.	sites	with	a	high	risk	of	catching	disease	posed	a	low	risk	for	transmitting	
the	 disease	 (assuming	 solely	 network	 spread),	 and	 the	 LSMN	 showed	 disassortative	
mixing	in	𝑟(𝑖𝑛, 𝑜𝑢𝑡),	i.e.	a	low	preference	for	connections	join	sites	with	high	𝑖𝑛	degree	
link	 to	connections	with	high	𝑜𝑢𝑡	degree.	However,	 there	were	 low	values	 for	mean	
shortest	path	length	and	clustering	coefficient.	These	latter	characteristics	tend	to	be	
associated	 with	 the	 potential	 for	 disease	 epizootics.	 In	 addition	 to	 the	 small-world	
property	(i.e.	short	mean	path	length)	presented	in	the	LSMN,	the	network	exhibited	
power-law	 distributions	 of	 𝑖𝑛	 and	 𝑜𝑢𝑡	 degrees	 with	 exponents	 of	 2.87	 and	 2.17,	
respectively,	 indicating	 the	 scale-free	 phenomenon.	 This	 result	 showing	 the	





















of	 shrimp	during	 a	 3-year	period	 from	2011	 to	2014	 (Songsanjinda,	 2015).	Although	
there	 have	 been	 many	 worldwide	 efforts	 to	 stop	 the	 spread	 of	 AHPND,	 such	 as	
movement	 restrictions,	 biofloc	 technology,	 genetics	 improvements,	 and	 enhanced	
breeding	 techniques	 (Hong	 et	 al.,	 2016;	 Pakingking	 Jr	 et	 al.,	 2016),	 no	 such	 control	
strategies	for	AHPND	emerge	from	network	modelling.		
Network	 modelling	 is	 playing	 an	 increasingly	 important	 role	 in	 epizoology.	 Its	
application	 relies	 on	 graph	 theory.	 A	 graph,	 or	 network,	 includes	 a	 set	 of	 sites	 (in	
network	 terminology:	 nodes)	 and	 their	 connections.	 Most	 often,	 weights	 of	
connections,	such	as	the	frequencies	of	connections	between	the	same	pairs	of	sites	are	
ignored,	 by	 analysing	 non-weighted	 networks.	 There	 are	 two	 reasons	 for	 this:	 (1)	
weighted	networks	are	more	complex	to	analyse	and	(2)	there	has	been	a	lack	of	off-
the-shelf	 tools	 that	 can	 be	 used	 to	 analyse	 them,	 whereas	 many	 tools	 have	 been	
designed	for	non-weighted	networks	(Newman,	2004;	Robinaugh	et	al.,	2016;	Wei	et	
al.,	 2013;	 Yang	 et	 al.,	 2012).	 However,	 weighted	 networks	 generate	 an	 improved	




















The	 structure	 of	 the	 live	 shrimp	 movement	 network	 of	 Thailand	 (LSMN)	 has	 been	
examined	 in	 this	 research,	 to	 explain	 its	 susceptibility	 to	 disease	 transmission.	 The	
computer-based	 recording	of	 real	 live	 shrimp	movements	between	 sites	 served	as	 a	
data	 source	 here,	 following	 from	 the	 aquatic	 animal	 trade	 regulation	 of	 Thailand,	
B.E.2553	(2010).	The	recording	of	movements	is	operated	by	authorised	users,	providing	
unique	records	in	that	the	sources	and	destinations	of	daily	shrimp	batch	movements	
can	 illustrate	 the	 spread	 of	 diseases	 from	 site	 to	 site.	 Furthermore,	 this	 research	
indicates	that	movement	records	have	a	key	role	in	shrimp	epizoology,	contributing	to	


















from	 non-commercial	 farming	 with	 low	 productivity	 and	 for	 breeding	 improvement	
purposes	were	not	available.	This	represented	a	limitation	of	the	study,	although	the	
expected	numbers	affected	are	very	small.	
Microsoft	 Access	 was	 used	 to	 combine	 circa	 99	 000	 available	 records,	 combining	
multiple	records	of	a	batch	moved	within	a	day	as	one	connection.	We	omitted	records	










was	 computed	 by	 using	 the	 𝑅	 Programme	 Environment	 with	 the	 Hmisc	 (binconf)	































The	quantitative	analysis	of	 the	LSMN	structure	was	performed	 in	 the	𝑅	Programme	
Environment	(R	foundation	for	statistical	computing,	2015).	The	LSMN	was	represented	
by	an	adjacency	matrix.	The	 igraph	 software	package	(Csardi	and	Nepusz,	2006)	was	
used	 since	 it	 is	 more	 flexible	 for	 analysing	 a	 large	 complex	 network	 with	 a	 sparse	
adjacency	matrix	 (a	 square	matrix	used	 to	 represent	a	network	whose	elements	are	







⇥ (x2 + y2) 12
x = (longitudesite j   longitudesite i)⇥ cos(latitudesite i)



















































































The	shortest	path	𝐿>? 	denotes	a	connection	𝑖 → 𝑗	in	a	network.	The	𝐿>? 	for	non-weighted	
directed	networks	was	calculated	by	using	the	Dijkstra's	algorithm	(Csardi	and	Nepusz,	
2006;	 Dijkstra,	 1959).	 Weighted	 directed	 networks	 require	 more	 computations,	




















Figure 4.1 A small weighted directed network (a) and its matrix of the shortest 
paths 𝑳𝒊𝒋 (b) computed by the algorithm of Opsahl (2009). The average shortest 











as	a	set	of	three	sites	where	with	{	𝑆o → 𝑆p → 𝑆q, 𝑆o → 𝑆q},	meaning	that	both	direct	and	
indirect	 routes	 for	𝑆o → 𝑆q	exist,	and	where	such	a	 triangle	corresponded	to	a	 triple	
S1 S2 S3 S4 S5
S1 NA 2.4 1.2 3.0 3.2
S2 0.6 NA 1.8 0.6 0.8
S3 1.2 2.4 NA 3.0 3.2
S4 1.2 0.6 2.4 NA 1.4























𝑆o → 𝑆p	and	𝑆o → 𝑆q.	Thus,	the	𝐶		 is	the	proportion	of	triples	where	a	direct	route	of	
transmission	also	exists.		
We	computed	 the	assortativity	 coefficient	 (𝑟)	 to	 represent	 the	assortative	mixing	by	
degree	in	the	LSMN.	Assortative	mixing	by	degree	is	common	in	contact	networks	of	
persons	 and	 animals.	 In	 addition	 to	 being	 a	 network	 property	 that	 aids	 disease	
transmission,	 assortative	 mixing	 inhibits	 the	 effectiveness	 of	 targeted	 vaccination	
strategies	due	to	the	persistence	of	giant	components	(the	largest	number	of	sites	in	a	
network	 that	are	 interconnected	by	directed	connections)	 in	 the	network	 (Newman,	
2003).	 The	extent	of	assortative	mixing	 shows	 the	 tendency	of	 sites	 in	a	network	 to	
connect	to	other	sites	with	similar	degrees,	i.e.	high-degree	sites	tend	to	be	connected	
to	 other	 high-degree	 sites	 (Newman,	 2003).	 In	 the	 context	 of	 epizoology,	 this	 can	
indicate	 that	disease	 is	more	easily	 spread	 in	 the	network,	 leading	 to	a	higher	basic	
reproduction	 number	 (𝑅r)	 compared	 with	 a	 network	 that	 has	 a	 negative	 value	 of	
assortativity	coefficient	(disassortativity).	Foster	et	al.	(2010)	state	that	the	assortativity	
of	 directed	 networks	 can	 be	 represented	 by	 four	 measures:	 𝑟(𝑜𝑢𝑡, 𝑖𝑛),	 𝑟(𝑖𝑛, 𝑜𝑢𝑡),	𝑟(𝑜𝑢𝑡, 𝑜𝑢𝑡),	and	𝑟(𝑖𝑛, 𝑖𝑛).	Among	these	four	measures,	however,	the	most	interesting	
for	epidemiological	study	is	the	𝑟(𝑖𝑛, 𝑜𝑢𝑡)—i.e.	directed	connections	joining	sites	with	
a	 high	 𝑖𝑛	 degree	 link	 to	 directed	 connections	 joining	 sites	 with	 high	 𝑜𝑢𝑡	 degree—



























































introduction	 (Heesterbeek	 and	 Dietz,	 1996;	 Jones,	 2007).	 In	 addition,	 the	 largest	
eigenvalue	l	of	the	LSMN’s	adjacency	matrix	ℎ	was	calculated,	since	this	closely	relates	
to	 the	epidemic	 threshold	 in	 the	network	 (Becker	and	Hall,	 1996;	Chakrabarti	 et	al.,	
2008;	 Prakash	 et	 al.,	 2010).	 With	 few	 closed	 cycles	 in	 the	 network,	 however,	 this	
measure	 could	 easily	 be	 zero,	 or	 highly	 non-representative	 of	 the	 network.	 Thus,	 a	





igraph	 package	 (Csardi	 and	Nepusz,	 2006).	 	 This	 result	was	 obtained	 by	 solving	 the	






2007;	 Kiss	 and	Green,	 2008;	Maslov	 and	 Sneppen,	 2002;	Noldus	 and	Van	Mieghem,	
2013).	 One	 thousand	 rewired	 networks	 were	 developed,	 where	 in	 such	 rewired	
networks	 the	 probability	 of	 rewiring	 was	 set	 at	 one,	 resulting	 in	 all	 the	 two-pair	















Figure 4.2 An example of a rewiring process which generates a new network by 
swapping the endpoints of two-pair connections in a network. 
Connections	can	be	rewired	locally	or	non-locally,	resulting	in	changing	the	susceptibility	
of	the	network	to	 infection.	Thus,	the	effect	of	the	rewiring	process	on	the	potential	
epizootic	 size	 was	 also	 evaluated	 here.	 The	 effect	 of	 the	 rewiring	 process	 on	 the	




































(Korf,	 1985).	 Both	 implementations	 were	 run	 on	 the	 𝑅	 Programme	 Environment	
package	igraph	(Csardi	and	Nepusz,	2006;	R	foundation	for	statistical	computing,	2015).	




Figure 4.3 Strongly connected component of a directed network with eight sites. 
This small network has five strongly connected components (SCCs), which are 
shown by grey shading. The size of the giant strongly connected component 






Figure 4.4 Weakly connected component of a bidirectional network with eight 
sites. This small network has two weakly connected components (WCCs), which 
are shown by grey shading. The size of the giant weakly connected component 
(WSCC) is equal to four, with a tie between the two sets of sites {𝑺𝟏, 𝑺𝟐, 𝑺𝟑, 𝑺𝟒} 








sites	were	 located	 in	37	provinces	of	 five	 regions,	 i.e.	 south	 (5	665	sites;	41	%	of	the	
total),	east	(4	874	sites;	35	%),	central	(1	949	sites;	14	%),	west	(1	312	sites;	9	%),	and	one	
site	 in	 the	 northeast.	 The	 highest	 number	 of	 seed-producing	 sites	 denoted	 both	
hatcheries	and	nurseries	was	in	the	eastern	region	(379	sites;	47	%	of	the	total	804	seed	
producing	sites).	Whereas	11	provinces	have	no	seed-producing	sites.	The	range	and	







Figure 4.5 Circa 13 800 shrimp farming sites located in five regions and 37 
provinces of Thailand. Values in brackets show the number of seed-producing sites 
and ongrowing sites, respectively. Among regions, the highest number of sites is           
in south (      ) and the lowest number is in northeast (      ). These data were 
collected from the live shrimp movements in Thailand from March 2013 to March 
2014. 
4.4.1.2			The	characteristics	of	live	shrimp	movements	














Figure 4.6 Diagrammatic representation of LSMN demonstrating the Thai shrimp 
farming industry structure. 
The	characteristics	of	 live	shrimp	movements	are	summarised	 in	Figures	4.7	and	4.8.	
Overall,	circa	13	800	sites	were	involved	in	33	720	site-to-site	movements.	As	shown	in	
Figure	 4.7,	 these	movements	 contained	 74	 462	 repeated	 connections	 that	 included	
















Figure 4.7 Distribution of the number of repeated connections over the 13-month 
study period (March 2013–March 2014) of live shrimp movements in Thailand. (a) 
The total number of connections are stratified by two movement types: inter- and 
intra-province movements. (b) The monthly distribution by inter-province 






The	 results	 suggest	 that	 the	 movements,	 whether	 counted	 by	 the	 number	 of	
connections	or	the	number	of	shrimp	moved,	can	contribute	to	the	spread	of	diseases	















































































Figure 4.8 Distribution of the number of shrimp moved over the 13-month study 
period (March 2013–March 2014) of live shrimp movements in Thailand. (a) The 
total number of shrimp moved were stratified by two movement types: inter- and 
intra-province movements. (b) The monthly distribution by inter-province 
movements. (c) The monthly distribution by intra-province movements. 
As	measured	geographically	on	the	Thai	map,	the	mean	straight-line	distances	of	the	
intra-	 and	 inter-province	 movements	 were	 24	 and	 192	 km,	 respectively.	 The	 75th	
percentile	 of	 straight-line	 distance	 (km)	 for	 the	 inter-province	 movements	 was	







































































































































corresponding	 to	 the	 colour	 and	 width	 (on	 a	 log	 scale)	 of	 the	 line.	 For	 disease	
surveillance	and	control	in	the	Thai	shrimp	farming,	the	provincial	control	of	movements	
has	potential	 in	 terms	of	practicality	because	Thailand	has	 local	DoF	offices	 in	all	77	
provinces,	 which	 play	 important	 roles	 in	 disease	 prevention	 and	 control	
implementation.	This	can	be	supported	by	a	better	understanding	of	two	main	types	of	
the	movements	(inter-	and	intra-province	movements).	
In	 Figure	 4.9,	 The	 inter-province	 movements	 with	 the	 highest	 number	 of	 repeated	





in	Chachoengsao	 (CCO),	Nakhonsithammarat	 (NRT),	Phuket	 (PKT),	Songkhla	 (SKA),	and	
Prachuapkhirikhan	(PKN).	













Figure 4.9 The provincial structure of the live shrimp movement network of 
Thailand (LSMN) over a 13-month period (March 2013–March 2014). The shrimp 
farming sites are located in 37 provinces of Thailand. The line width is plotted on a 
log scale according to the actual number of repeated connections. Four 
classifications of connections are shown by the different line colours: (1) 1–500 
connections with grey, (2) 501–1 000 connections with dark grey, (3) 1 001–1 500 
connections in blue, and (4) > 1 500 connections in orange. The figure also displays 
a subset of an example of provincial dataset, which is the movements of live 
shrimp from all three hatcheries in Samutprakan (SPK) to ongrowing sites, as 




















including	 repeated	 connections)	 and	 the	 weighted	 degrees	 (including	 repeated	
connections).	
Computing	the	LSMN	as	non-weighted,	the	mean	(and	coefficient	of	variation)	for	the	𝑖𝑛	degree	𝑘>8	was	2.4	(0.9)	and	2.4	(9.2)	for	the	𝑜𝑢𝑡	degree	𝑘7s[.	The	undirected	degree	𝑘s8K 	was	4.9	(4.6).	𝐼𝑛	degree	𝑘>8	had	a	narrow	range	of	degrees	between	0	and	30.	In	




low	 risk	 for	 transmitting	 the	 disease	 (assuming	 solely	 network	 spread).	 This	 also	
reflected	the	fragmented	nature	of	the	network	for	hindering	disease	transmission	(Kiss	
et	al.,	2006).	













Table 4.1 Degree properties of the live shrimp movement network of Thailand 
(LSMN). With two types of site degree calculations (non-weighted and weighted). 
The properties measured are total number of sites, total degrees, mean degrees, 























































proposed	 in	 Woolhouse	 et	 al.	 (1997).	 These	 authors	 suggested	 that,	 given	 the	
heterogeneity	in	site	degrees,	infection	in	20	%	of	the	total	sites	is	sufficient	to	lead	to	
the	infection	of	the	remaining	sites.		
	 (a)	 	 (b)	
 
	 𝒊𝒏	degrees	(log	scale)	 	 𝒐𝒖𝒕	degrees	(log	scale)	
Figure 4.10 The weighted degree distributions for the LSMN plotted on a log–log 
scale. The sites with higher 𝒊𝒏 degrees have a greater chance of being infected (a), 
and the sites with higher 𝒐𝒖𝒕 degrees have a greater risk for transmitting disease 
(b). 
Based	on	the	weighted	LSMN,	the	𝑅r	estimated	by	the	degree-based	calculation,	was	
high	 (~	 34.5),	 compared	 to	 the	 largest	 eigenvalue	=	 16.2.	 The	high	 value	of	𝑅r		 can	
indicate	 that	 the	 connectivity	 of	 the	 LSMN	obeys	 a	 bipartite	 structure:	 the	 network	
consists	 of	 two	 types	 of	 sites,	 i.e.	 seed-producing	 sites	 and	 ongrowing	 sites.	 To	 aid	
understanding	of	the	bipartite	structure,	Table	4.2	shows	the	description	of	the	total	
number	of	connections	between	two	site	 types	 in	 the	weighted	LSMN.	The	bipartite	
structure	is	also	evident	in	the	non-weighted	LSMN	(Table	4.3).	From	these	tables,	both	
the	 non-weighted	 and	 weighted	 LSMN	 demonstrate	 a	 high	 number	 of	 connections	
between	 different	 site	 types	 (>	 80	 %	 of	 the	 total	 connections).	 Nevertheless,	 the	
remaining	connections	join	sites	within	the	same	type	of	site.	Since	a	small	number	of	
connections	disobeying	such	this	bipartite	structure,	this	may	give	rise	to	some	difficulty	

















Table 4.2 Description of the number of connections between seed-producing sites 
and ongrowing sites based on the weighted degree of the LSMN. Their proportions 




Seed-producing	site	 10	775		 (14.5	%)	 63	596		 (85.4	%)	
Ongrowing	site	 7		 (0	%)	 84		 (0.1	%)	
Table 4.3 Description of the number of connections between seed-producing sites 
and ongrowing sites based on the non-weighted degree of the LSMN. Their 




Seed-producing	site	 2	047	 (6.1	%)	 31	589		 (93.7	%)	
Ongrowing	site	 7		 (0	%)	 77	 (0.2	%)	
As	measured	by	the	weighted	degree,	the	LSMN	showed	𝑖𝑛-𝑜𝑢𝑡	disassortative	mixing	
with	a	value	of	-0.09.	This	implies	a	low	preference	for	connections	in	the	LSMN	that	join	




States	 (Lee	 et	 al.,	 2017).	 According	 to	 Barthélemy	 et	 al.	 (2004),	 these	 few	 sites	 can	
become	superspreaders	for	transmitting	diseases	and	induce	fast	epidemics.	In	addition,	
using	the	same	assortativity	measure,	the	result	was	similar	 in	the	rewired	networks.	
This	 result	 demonstrates	 that	 the	 dynamics	 of	 connections	 do	 not	 affect	 assortative	
mixing	pattern	in	the	LSMN.	
A	key	property	of	small-world	networks	(i.e.	small	mean	path	lengths)	is	shown	in	both	






𝑁(𝑁 − 1).	For	the	weighted	LSMN,	 𝐿 	was	equal	to	2.99,	with	0.14	%	of	potential	total	
paths.	The	smaller	value	of	 𝐿 	in	the	weighted	network	provides	a	good	explanation	for	
the	 speed	 of	 disease	 transmission	 in	 the	 network.	 For	 example,	 if	 the	 connections	
between	two	sites	(	𝑖, 𝑗	)	are	more	frequent,	as	measured	by	the	weighted	network,	a	
disease	might	 be	 transmitted	 quicker	 through	 this	 network	 structure	 than	 the	 non-
weighted	one	(Opsahl,	2009),	and	this	is	reflected	in	the	low	value	of	𝐿>?.	
To	further	investigate	the	emergence	of	the	small-world	property,	the	distribution	of	




connection	 of	 no	 more	 than	 six	 intermediates,	 showing	 a	 small-world	 network.	 In	
contrast	with	the	small-world	networks	studied	in	Watts	and	Strogatz	(1998),	the	LSMN	




Figure 4.11 The distribution of weighted path lengths in the live shrimp movement 































To	 provide	 more	 evidence	 in	 respect	 to	 this	 small-world	 property,	 the	 important	
properties	of	the	LSMN	compared	with	rewired	networks	are	summarised	in	Table	4.4.	
Using	the	non-parametric	Mann–Whitney	𝑈	test	comparing	the	mean	path	length	 𝐿 	




clustering	 coefficient	 𝐶	was	 0.06	 (SD	=	0.008),	 and	 the	 average	 of	 𝐿 	was	 3.84	













was	 smaller	 than	 in	 the	 1	 000	 rewired	 networks.	 This	 result	 was	 assessed	 by	 two	
network	measures:	 (1)	 site	 reach,	 including	 repeated	 connections,	 and	 (2)	 the	 giant	













Table 4.4 Estimated maximum and mean reach, size of giant strongly connected 
components (GSCCs), and size of giant weakly connected component (GWCCs) 












Many	 infectious	 diseases	 transmit	 among	 populations	 via	 network	 spread,	 such	 as	
dengue	disease	in	humans	(Reiner	et	al.,	2014;	Stoddard	et	al.,	2013),	foot-and-mouth	
disease	 in	 domestic	 and	 wild	 animals	 (Sobrino	 and	 Domingo,	 2017),	 and	 pancreas	















Helbing,	 2013),	 for	 example,	 gives	 a	 better	 understanding	 of	 influenza	 spread	 via	
persons	who	travelled	across	c.	4	000	airports	in	2009.	The	LSMN	as	visualised	using	the	
37	provincial	borders,	gives	a	good	 illustration	of	 the	connections	 in	 the	Thai	shrimp	




being	 sink	of	 infection.	Additionally,	 the	provincial	 visualisation	with	 two	movement	
types	 (intra-	 and	 inter-province	movements)	 emphasises	 that	 the	 regulators	 should	
increase	 efforts	 in	 respect	 to	 movement	 controls	 even	 during	 normal	 ‘peacetime’	
situation.	
The	results	also	demonstrate	these	properties	of	the	LSMN	that	either	hinder	or	aid	the	








For	 Thai	 shrimp	 farming,	 repeated	 connections	 between	 sites	 are	 common	 because	
there	are	a	 few	 shrimp	 seed	producers	 in	Thailand.	 The	pattern	of	 connections	 that	
often	 repeat	 may	 relate	 to	 the	 rapid	 transmission	 of	 AHPND	 and	 other	 infectious	
diseases	 in	 the	network.	As	measured	by	mean	path	 length	 𝐿 ,	 the	weighted	 LSMN	
(including	repeated	connections)	displayed	a	shorter	value	of	 𝐿 	than	the	non-weighted	









The	 structure	 of	 the	 LSMN	 is	 scale-free	 (exhibiting	 power-law	 𝑖𝑛-and	 𝑜𝑢𝑡-degree	




networks	 at	 any	 transmission	 rate,	 while	 exponents	 above	 three	 indicated	 finite	
variances.	Chatterjee	and	Durrett	(2009)	also	found	a	non-zero	epidemic	threshold	in	
random	 networks	 with	 power-law	 distributions	 𝛾	 >	3.	 A	 disease-control	 strategy	
focused	on	 reducing	 the	 transmission	probability	would	probably	 apply	 to	 the	 cases	
where	𝛾 >	3	(Newman,	2002).	To	prevent	disease	spread	in	such	power-law	networks,	
therefore,	control	strategies	focused	on	keeping	non-zero	epidemic	threshold,	such	as	









these	 properties,	 the	 increases	 in	 either	 the	 maximum	 reach	 or	 giant	 connected	


























































































































































































































































































































Chapter 5 - Target priority for targeted disease 
surveillance and control in the live shrimp 




targeted	 disease-control	 algorithm	 for	 the	 Thai	 shrimp	 farming	 sector	 based	 on	 the	
analysis	of	the	structure	of	the	live	shrimp	movement	network	(LSMN)	undertaken	in	









spread	 and	 persist	 among	 sites,	 due	 to	 the	 structure	 of	 the	 LSMN.	 Thus,	 this	 study	
adopted	network	approaches	to	identify	high-risk	connections	whose	removal	from	the	










Chapter 5 - Target priority for targeted disease 












risk	 connections.	 Specially,	 two	 disease-control	 algorithms	 based	 on	 betweenness	
centrality	(the	number	of	shortest	paths	between	possible	pairs	of	sites	that	run	along	







1990’s	 did	 not	 only	 resulted	 in	 socio-economic	 losses,	 but	 also	 contributed	 to	 the	















addition	 to	 an	 annual	 operating	 cost	 of	 about	 USD	 2	 Million	 for	 shrimp	 disease	
surveillance	and	control	(Planning	Division,	2016),	in	2014/2015	the	Thai	government	
used	a	new	USD	2.7	million	 investment	 for	 the	mitigation	of	AHPND	 (Kongkumnerd,	
2014).	Due	to	the	high	cost	of	disease	surveillance	and	control,	regulators	should	design	







transmission,	 in	 that	 generally	 20	%	of	 infectious	 sites	 corresponded	 to	80	%	of	 the	
transmission.	Thus,	disease	surveillance	and	control	targeted	at	the	“core”	20	%	group	
can	be	the	most	effective	strategy	(Woolhouse	et	al.,	2005).			
Due	 to	 the	 range	of	network	 structures,	however,	any	given	measure	 for	 identifying	
influential	sites	or	connections	may	not	suitable	for	all	networks	(Newman	and	Park,	
2003).	 Degree	 centrality	 is	 proposed	 by	 many	 epidemiologists	 as	 a	 means	 to	
demonstrate	the	most	important	individuals	in	networks	(Bohm	et	al.,	2009;	Christley	
et	 al.,	 2005b;	 Zhang	 et	 al.,	 2010).	Algorithms	based	on	betweenness	 centrality	 have	
been	shown	to	be	the	most	efficient	way	to	reduce	potential	epidemic	size	in	terms	of	














Thai	 shrimp	 farming	 system.	 Disease-control	 algorithms	 with	 and	 without	 targeted	
approaches	are	evaluated	and	compared	using	the	movement	records	of	 live	shrimp	
movements	in	Thailand	(LSMN)	over	the	13-month	period	from	March	2013	to	March	
2014.	 The	 outcome	 of	 this	 research	 can	 form	 part	 of	 the	 process	 of	 implementing	
mitigation	measures	for	management	areas	in	real	time	during	an	epizootic	period,	and	
for	 developing	 disease	 surveillance	 and	 control	 programmes	 in	 conventional	 non-






were	recorded	by	authorisers	of	 the	Thailand	Department	of	Fisheries,	 following	 the	
aquatic	 animal	 trade	 regulation	 of	 Thailand,	 B.E.2553	 (2010).	 The	 recorded	 data	
indicated	the	farm	registration	number,	the	source	and	destination	of	the	live	shrimp	
movement,	the	date	of	the	movement,	and	the	seed	quantity.		
The	 LSMN	 was	 represented	 by	 a	 connection-weighted	 adjacency	 matrix	 ℎ,	 an	
element-wise	multiplication	of	matrix	𝑎	by	matrix	𝑤.	The	term	“site”	refers	to	“node”	in	
conventional	 network	 terminology.	 All	 connections	 between	 sites	 were	 shown	 in	 a	
matrix	𝑎>?.	An	element	𝑎𝑖𝑗	took	the	value	0	if	there	was	no	connection	from	site	𝑖	to	𝑗	
and	 1	 otherwise,	which	 in	 this	 case	 represented	 a	 potential	 pathway	 for	 site-to-site	
disease	transmission.	The	weight	𝑤𝑖𝑗	denoted	the	frequency	of	connections	of	such	𝑎>?.	








Disease-control	 algorithms	were	 developed	 to	 target	 high-risk	 connections	 between	
two	sites	(𝑖	and	𝑗)	in	the	LSMN,	whose	removal	from	the	network	reduced	the	potential	
transmission	 of	 disease.	 The	 algorithms	 used	 in	 this	 research	were	 developed	 from	
those	described	by	Green	et	al.	(2012),	which	contain	four	targeted	approaches	based	
























Figure 5.1 Schematic explaining disease-control algorithms with and without 
targeted approaches for targeted disease surveillance and control for the live 
shrimp movement network of Thailand (LSMN). The process is stopped when 




(not	 compute	 repeated	 connections).	 The	 authors	 proposed	 the	measure	 to	 answer	






























a	 network	 where	 some	 high	 degree	 sites	 are	 connected	 to	 many	 low	 degree	 sites	
(Bonacich,	2007).	The	eigenvector	centrality	value	of	a	site	could	be	expressed	by	the	
matrix	 form	 ℎ𝑉 = 𝑉l,	 where	l	 =	an	 eigenvalue	 of	 the	 network	 (a	 constant),	𝑉=	an	
eigenvector	 corresponding	 with	 the	 eigenvalue	 l,	 and	 ℎ	 =	 a	 large,	 sparse,	 non-




















In	 order	 to	 demonstrate	 the	 effect	 of	 the	 removal	 of	 connections	 on	 the	 network	
structure,	 after	 a	 connection	 removal	 the	 site	 reach	 and	network	 components	were	
calculated.	
Site	reach.					The	number	of	sites	reachable	from	others	𝑅> 	represent	potential	targets	
for	disease	 spread	 (Green	 et	al.,	 2012).	 Site	 reach	was	calculated	 from	an	adjacency	























































but	 its	 computation	 was	 costly,	 i.e.	 needed	 much	 computer	 memory	 or	 slowly	






number	of	connections	 removed	at	 each	 step	 varied	 from	one	 to	500.	 For	example,	



























Figure 5.2 Evaluating the disease-control algorithms against the network 
reachability. The betweenness algorithm performs well for both measures: 
(a) maximum reach and (b) mean reach. The graphs (y-axis) are plotted on 
a square-root (SQRT) scale to aid reading. 




























































Figure 5.3 Results of different step sizes of the betweenness algorithm compared to 
the random algorithm at 250 removals. The estimated epizootic sizes were 
measured by (a) maximum reach measure and (b) mean reach. Note that the 
results of 20-, 100-, 200-, and 500-step sizes with (*) are 240, 200, 200, and 500 
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algorithms	 (betweenness-,	 connection	 weight-,	 eigenvector-,	 and	 random-based)	
performed	relatively	less	well	in	terms	of	reducing	the	GWCC	and	the	mean	WCC.	The	




Section	 5.4.1.	 This	 is	 presumably	 a	 result	 of	 the	 GWCC	 being	 generated	 by	 a	 large	
number	of	 sites,	 and	 lots	 of	 connections	 in	 the	GWCC	 showing	 similar	 betweenness	
centrality	scores.		
Figure	5.5	shows	the	network	snapshots	at	250	connections	removed.	 It	can	be	seen	
that,	 overall,	 with	 the	 subnet-crossing	 and	 random	 algorithms	 there	 is	 only	 a	 small	










Figure 5.4 Evaluating the disease-control algorithms against the weakly connected 
components (WCC). The subnet-crossing algorithm performed well for both 
measures: (a) GWCC and (b) mean WCC. The graphs (y-axis) are plotted on 


















































Figure 5.5 Results of different step sizes when comparing the subnet-crossing 
algorithm and random algorithm at 250 removals. The estimated epizootic sizes 
were measured by (a) GWCC and (b) mean WCC. Note that the y-axis does not 
start at zero, and the results of 20-, 100-, 200-, and 500-step sizes with (*) are 240, 
200, 200, and 500 removals, as these do not divide neatly into 250. 
5.4.3 The	characteristics	of	targeted	connections	
The	targeted	connections	from	the	disease-control	algorithms	above	are	denoted	as	the	
high-risk	 connections	 for	disease	 spread	 in	 the	 LSMN.	 In	order	 to	 characterise	 these	
high-risk	connections,	all	targets	from	the	betweenness	and	subnet-crossing	algorithms	
were	characterised	in	terms	of	connection	lengths	(km).	We	found	that,	when	using	the	
betweenness-based	algorithm,	 the	geographic	distances	of	 the	 targeted	 connections	
were	 (on	 average)	 longer,	 compared	 to	 the	 mean	 connection	 length	 in	 the	 whole	
connections	(around	200	km).	When	using	the	subnet-crossing	algorithm,	however,	the	
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Moreover,	 the	 types	 of	 source-destination	 pairs	 for	 the	 1	 000	 removals,	 are	 quite	
different	 between	 using	 the	 two	 algorithms.	 Tables	 5.1	 shows	 that,	 based	 on	 the	
betweenness	 algorithm,	most	 targeted	 connections	 join	 other	 sites	within	 the	 same	
type	of	site,	 i.e.	 seed-producing	sites.	Table	5.2	demonstrates	 that	a	high	number	of	
connections	between	different	site	types,	i.e.	from	seed-producing	sites	to	ongrowing	
sites,	are	the	priority	of	the	subnet-crossing	algorithm.		
Table 5.1 Source and destination site types of the top 1 000 removals from the 
betweenness-based algorithm shown by probabilities (in percentages) in the total 




Seed-producing	site	 99.3	%	 (2.9	%)	 0	%	 	
Ongrowing	site	 7	%	 (0	%)	 0	%	 	
 
Table 5.2 Source and destination site types of the top 1 000 removals from the 
subnet-crossing based algorithm shown by probabilities (in percentages) in the 




Seed-producing	site	 7.5	%	 (0.2	%)	 92.1	%	 (2.7	%)	
Ongrowing	site	 0.1	%	 (0	%)	 0.3	%	 (0	%)	
5.5 Discussion	
Several	 approaches	based	on	 real	 network	models	of	 animal	movements	have	been	
widely	proposed	for	examining	the	potential	for	disease	transmission	and	for	designing	















to	 limit	 the	 amount	 of	 surveillance	 resources,	 each	 algorithm	 is	 specified	 to	 allow	 a	
maximum	of	1	000	removals,	accounting	for	3	%	of	all	site-to-site	connections	𝑎>? 	in	the	
LSMN.	 The	 optimal	 algorithm	 will	 provide	 a	 smaller	 scale	 of	 estimated	 potential	
epizootic	 indicated	 by	 two	 network	 measures,	 i.e.	 site	 reach	 (maximum	 and	 mean	
reach)	 and	 connected	 components	 (SCC	 and	 WCC).	 Essentially,	 maximum	 reach	 is	
almost	 like	 a	 compromise	 between	 GSCC	 and	 GWCC,	 and	 in	 some	 ways	 more	
epizootiologically	useful.	
In	 terms	 of	 site	 reach,	 the	 betweenness-based	 algorithm	 had	 high	 performance	 in	
reducing	 the	 susceptibility	 of	 our	 studied	 network	 to	 a	 disease	 epizootic	 with	 few	
removals	 (this	 is	 network	 structive	 dependent;	 since	 if	 the	 structure	of	 the	network	
changes,	other	centrality	measures	may	become	more	effective).	The	removal	of	the	
3	%	of	connections	 targeted	by	 the	betweenness	criterion	strongly	corresponds	 to	a	
decrease	in	site	reach	of	at	least	80	%	in	the	LSMN.	Girvan	and	Newman	(2002)	defined	
the	betweenness	centrality	of	a	connection	as	the	number	of	shortest	paths	between	
pairs	 of	 sites	 that	 passes	 through	 it.	 Connection	 removals	 with	 high	 betweenness	
centrality	scores	mean	that	the	preferential	pathways	of	many	pairs	of	sites	disappear	
from	the	network.	Consequently,	the	site	reach	in	the	LSMN	becomes	smaller.		
Considering	 the	 LSMN	 data,	most	 of	 those	 high-betweenness	 connections	were	 the	






It	 implies	 that	 further	 connections	 can	 occur	 shortly	 after	 the	 first	 connection,	
corresponding	to	the	life	cycle	of	shrimp	(Quispe	et	al.,	2016).	For	example,	nursery	sites	
rear	the	seed	from	nauplius	until	postlarval	stage	with	a	short	period	of	20	days	before	
































compelling	 in	 designing	 targeted	 disease	 surveillance	 and	 controls	 for	 Thai	 shrimp	
farming.			
Although,	 the	 use	 of	 a	 larger	 step	 size	 had	 little	 or	 no	 effect	 on	 the	 reduction	 of	
estimated	 epidemic	 sizes,	 whether	 measured	 by	 site	 reach	 and	 WCC,	 it	 gave	 an	
important	advantage,	allowing	fast	computations	for	a	large-complex	network	like	the	
LSMN.	 A	 few	 fast	 algorithms	 for	 computing	 network	 centrality	 have	 already	 been	
developed	 (Bader	 et	 al.,	 2007;	 Brandes,	 2001;	Madduri	 et	 al.,	 2009;	 Shi	 and	 Zhang,	
2011).	 It	 appears,	 however,	 that	 most	 algorithms	 in	 the	 literature	 use	 one-step	
removals.	The	study	of	Green	et	al.	(2012),	for	example,	conducted	one-step	removal	to	
evaluate	 the	 effects	 of	 targeted	 removal	 for	 the	 directed	 network	 of	 fish	 farms.	 By	
removing	more	than	one	connection,	a	closely	related	example	is	presented	in	Natale	





limited	 number	 of	 connections	 between	 sites,	 the	 targeted	 strategies	 performed	
relatively	well	compared	to	a	non-targeted	approach.	This	research	was	done	on	the	
single	 network	 layer	 of	 live	 shrimp	movement.	 Different	 results	might	 arise,	 if	 local	






















































































































































































Chapter 6 - Epizootic disease modelling in farmed 




The	 dynamics	 of	 an	 acute	 hepatopancreatic	 necrosis	 disease	 (AHPND)	 epizootic	 are	
modelled	in	order	to	acquire	a	better	understanding	of	its	epizoology	and	to	examine	










established	 principle	 in	 Thailand,	 in	 some	 cases	 diseases	may	 not	 be	 detected.	 This	












Chapter 6 - Epizootic disease modelling in farmed 










and	 sites	 located	 in	 close	 proximity).	 The	 results	 reveal	 that	 AHPND	 epizootics	 in	
Thailand	 are	more	 likely	 to	 occur	 during	 hot	 and	 rainy	 seasons	 (between	 April	 and	
August).	 The	 inter-province	 movements	 are	 potentially	 a	 major	 source	 of	 AHPND	
epizootics.	With	lower	rates	of	long-distance	transmission	in	the	model	(𝛽6789 <	1),	the	
number	of	infected	sites	was	smaller.	In	the	model,	local	transmission	alone	(𝛽6789	was	
0	 and	𝛽67;<6 	 was	 0.002)	 was	 responsible	 for	 very	 small	 epizootic	 sizes.	 The	models	
therefore	suggest	 that	 the	AHPND	epizootic	dynamics	 in	Thai	 shrimp	farming	can	be	
minimised	by	enhancing	biosecurity	measures	in	respect	to	live	shrimp	movements,	and	















throughout	 the	 major	 producing	 countries,	 i.e.	 China,	 Vietnam,	 Thailand,	 Malaysia,	
Mexico	and	the	Philippines	(Dabu	et	al.,	2015;	Eduardo	and	Mohan,	2012;	Nunan	et	al.,	
2014).	 Since	 AHPND	 first	 appeared	 in	 Southern	 China	 in	 2009,	 it	 still	 persists	 in	 the	







Tran	 et	al.,	 2013b).	Alternatively,	 the	 specific	 strains	of	Vibrio	parahaemolyticus,	 the	






suspect	 that	 seed-producing	 sites	 generate	 long-distance	 transmission	of	AHPND,	 as	
described	above	in	Chapter	3.	
Disease	outbreaks	via	physical	proximity	of	sites	and	their	hydrological	connectivity	are	

























An	 improved	understanding	 of	 the	 dynamics	 of	 the	AHPND	epizootic	 among	 sites	 is	
required	in	order	to	support	disease	prevention	and	control.	In	addition,	although	we	
know	much	 about	 the	 infection	 at	 site	 level,	 this	 does	 not	mean	 that	we	 know	 the	
epizootic	 at	 country	 scale.	 Thus,	 we	 have	 developed	 an	 𝑆𝐸𝐼𝑅𝑆	 compartmental,	
individual-based	 epizootic	 model	 in	 this	 research	 to:	 (1)	 examine	 AHPND	 epizootic	
dynamics	in	Thai	shrimp	farming	sites,	and	(2)	analyse	the	effect	of	long-distance	and	














taura	 syndrome	 (NACA,	 2017).	 The	 records	 contained	 a	 source	 site	 of	 shrimp,	 a	
destination	site	of	shrimp,	a	movement	date,	and	a	quantity	of	shrimp	seed,	useful	in	
































Figure 6.1 Frequency of number of site members per sub-district. Most sub-




AHPND	 transmission	 among	 the	 Thai	 shrimp	 farming	 sites.	 Two	 constructs	 were	



































Epizootics	were	 started	 in	 each	month	 to	 explore	 the	 seasonal	 effects.	 During	 each	
simulation,	the	initial	infected	sites	(seeds)	with	a	finite	fraction	of	seeds	at	0.02	were	
selected	at	 random	from	the	804	seed-producing	sites	 in	 the	LSMN	(=	16	seeds).	All	
other	sites	were	assumed	to	be	susceptible.	Hence,	a	vector	𝐸>[	represented	the	state	








collected	during	 the	epizootiological	 survey	 in	 the	Chapter	3	 (Weibull,	 lognormal,	 and	
gamma)	(Figure	6.2).	These	candidate	distributions	have	recently	been	employed	in	the	
research	of	Tojinbara	et	al.	(2016).	The	lognormal	distribution	was	found	to	be	the	best	
fit	 to	 the	 observed	 incubation	 periods	 of	 a	 microparasitic	 disease,	 followed	 by	 the	
gamma	 distribution,	 whereas	 the	 Weibull	 did	 not	 fit	 well	 (Bénet	 et	 al.,	 2013).	








Figure 6.2 Density plots of fitted distributions of the data for incubation periods 




the	 AIC	 values,	 the	 Weibull	 distribution	 was	 the	 best	 fit	 to	 the	 observed	 AHPND	
incubation	 periods	 (AIC	 =	 339),	 and	 the	 gamma	 distribution	was	 the	 best	 fit	 to	 the	
observed	 fallow	 periods	 (AIC	 =	 576).	 In	 the	 modelling,	 therefore,	 the	 sites	 were	
randomly	 given	 different	 periods,	 distributed	 according	 to	 these	 appropriate	
distributions.	These	steps	were	computed	using	the	𝑅	Programme	Environment	with	
the	 fitdistrplus	 package	 (Delignette-Muller	 and	 Dutang,	 2015;	 R	 foundation	 for	
statistical	computing,	2015).	
Table 6.1 Akaike's Information Criterion (AIC) values of fitted distributions. The 
Weibull distribution gives the smallest AIC value for incubation period data while 
the gamma distribution gives the smallest AIC value for fallow period data. 
Observed	data	 Weibull	 Lognormal	 Gamma	
Incubation	period	 339	 351	 346	
Fallow	period	 578	 582	 576	
When	 the	 sites	 were	 infectious,	 over	 half	 of	 the	 farmers	 (65	 %,	 61	of	94)	 in	 the	
















%	of	𝑁[7[<6 	for	type	I,	28	%	of	𝑁[7[<6 	for	type	II,	and	7	%	of	𝑁[7[<6 	for	type	III),	and	(2)	
the	infection	period	was	generated	randomly	for	each	site	under	three	assumptions:	a	








a	 larger	 number	 of	 shrimp	 would	 carry	 more	 risk	 of	 pathogen	 transmission	 than	
























The	 𝑓	 included	 the	 stochastic	 nature	 of	 the	 epizootic	 process	 (sites	 successfully	 or	










































in	 the	 initialisation	 section,	 each	 site	 had	 a	 given	 length	 of	 time	 spent	 in	 its	 state	
following	 each	 period	 for	 incubation,	 infection,	 and	 fallow.	 Hence,	 when	 a	 site	was	
exposed	 to	 infection,	 it	 was	 in	 the	 ‘𝐸’	 state	 for	 the	 incubation	 period.	 After	 the	
incubation	 period	 ended,	 the	 site	 entered	 the	 ‘𝐼’	 state	 (𝐸 → 𝐼;	𝐼> = 1, 𝐸> = 0).	 The	











Figure 6.3 Design and implementation of an algorithm for an 𝑺𝑬𝑰𝑹𝑺 
compartmental, individual-based epizootic model for shrimp disease in Thailand 
The	epizootic	simulation	model	was	carried	out	 in	the	𝑅	Programme	Environment	(R	




Geographic	 distributions	 of	 AHPND	 prevalence	 at	 provincial	 level	 of	 Thailand	 were	
shown	in	the	result.	The	number	of	infected	sites	(𝐼)	during	a	given	period	was	obtained	
by	 the	modelling	 of	𝛽6789	=	1	 and	𝛽67;<6 	=	0.002.	 The	 prevalence	 of	 AHPND	 at	 each	
province	was	calculated	as	the	proportions	(%)	of	sites	infected	with	AHPND	(6.10).	
Proportions = Number	of	infected	sites	in	a	province	Total	number	of	infected	sites ×100	 (6.10)	
The	 AHPND-infected	 site	 proportions	 were	 plotted	 in	 map	 form	 to	 represent	 the	

















using	 the	 rgdal	 package	 in	 the	 𝑅	 Programme	 Environment	 (Bivand	 et	 al.,	 2015;	 R	
foundation	 for	 statistical	 computing,	 2015),	 as	well	 as	 the	 tmap	 package	 (Tennekes,	
2017).	
To	 evaluate	 the	 accuracy	 of	 the	 disease	 prevalence	 prediction	 generated	 using	 the	𝑆𝐸𝐼𝑅𝑆	model,	the	model	estimates	were	compared	against	the	real	pattern	of	AHPND	
epizootics	in	Thailand	at	provincial	level	reported	in	July	2013	by	FAO	(2013).	The	real	
AHPND	epizootics	in	Thai	regions	and	provinces	are	shown	in	Table	6.2.	
Table 6.2 Real pattern of AHPND epizootics within shrimp farming sites of 




























random)	or	an	uninformative	model	 (AUC	=	0.5;	 the	predictive	result	of	model	 is	not	
different	from	random)	(Alonzo	and	Pepe,	2002;	Kumar	and	Indrayan,	2011).	The	ROC	




The	mean	number	of	sites	 infected	by	AHPND	due	to	 long-distance	and	 local	 spread	











August),	 and	 are	 less	 likely	 to	 happen	 throughout	 the	 rest	 of	 the	 year	 (mainly	 cool	
season).	With	 scenario	 B,	meanwhile,	 where	 the	 epizootics	 are	 generated	 from	 the	
intra-province	movements	 alone,	 the	𝑆𝐸𝐼𝑅𝑆	 models	 gave	 a	much	 lower	 number	 of	







on	 inter-province	movements	 of	 live	 shrimp	 are	 obviously	 required	 to	minimise	 the	
spread	of	AHPND.	
 
Figure 6.4 Mean number of infected sites per seed for one-month epizootics. 
Infection occurs via long-distance and local spread (default parameters 𝜷𝒍𝒐𝒏𝒈 was 1 and 𝜷𝒍𝒐𝒄𝒂𝒍 was 0.002). The averaged values of 1 040 epizootics are 
shown, where 16 seeds were selected at random in each month (seed fraction was 
0.02). The results were generated from two data sets: both intra- and 
inter-province movements (scenario A; solid line), and intra-province movements 
alone (scenario B; dash line). 
6.4.2 Effect	of	long-distance	and	local	transmission	on	AHPND	epizootic	dynamics	
The	model	also	provided	the	chance	to	simulate	trial	biosecurity	measures,	i.e.	testing	































































Figure 6.5 Expected outcomes of the application of biosecurity measures on live 
shrimp movements in Thailand. With 𝜷𝒍𝒐𝒏𝒈 varied from 0 to 1, the lower 𝜷𝒍𝒐𝒏𝒈 




























































Figure 6.6 Effects of larger local spread in Thai shrimp farming sectors. The 
higher local spread (𝜷𝒍𝒐𝒄𝒂𝒍 was 0.01) caused a higher number of infected sites, 
compared with setting 𝜷𝒍𝒐𝒄𝒂𝒍 at 0.002. The model set 𝜷𝒍𝒐𝒏𝒈 at 1, and the seed 
fraction at 0.02. 
6.4.3 Geographic	distributions	of	AHPND	prevalence	at	provincial	level	in	Thailand	
According	to	the	model,	the	geographical	distributions	of	AHPND	prevalence	on	day	153	
(July	 2013,	 31)	 is	 presented	 in	 Figure	 6.7a.	 The	model	 shows	 that	 the	 southern	 and	
eastern	 provinces	 of	 Thailand	were	 at	 greater	 risk	 of	 AHPND	 than	 other	 areas.	 The	
results	were	similar	to	the	real	pattern	of	AHPND	epizootics	in	Thailand	reported	in	July	
2013	 as	 shown	 in	 Figure	 6.7b	 (FAO,	 2013	 see	 Table	 6.1).	 In	 respect	 to	 the	western	























































Figure 6.7 Geographic distributions of AHPND-infected provinces in Thailand. 
(a) The prevalence of AHPND between March 1st 2013 and July 31st 2013, are 
modelled using the 𝑺𝑬𝑰𝑹𝑺 models. The epizootic models started with 16 seeds in 
each month. Model parameters of 𝜷𝒍𝒐𝒏𝒈 and 𝜷𝒍𝒐𝒄𝒂𝒍 were 1 and 0.002, respectively. 
(b) The real AHPND presence in each province of Thailand as reported in July, 
2013 (FAO, 2013).  
6.4.4 Predictive	performance	of	the	𝑺𝑬𝑰𝑹𝑺	models	
To	further	test	the	model	validity,	the	ROC	approach	was	used	to	show	the	AUC	values	






























Figure 6.8 ROC curves of three test models identifying the presence of AHPND in 
Thai shrimp farming sites. The ROC curves are plots of true positives, i.e. where 
the model gave positives for provinces identified as having AHPND (plotted on the 
y axis) versus false positives, i.e. where the model gave positives for provinces 
identified as having no AHPND (plotted on the x axis). The disease presence in the 
field reported by FAO (2013) was used to compare with the disease presence in the 𝑺𝑬𝑰𝑹𝑺 model, and for disease presence in the two simpler null models: prediction 




farming,	 and	 has	 examined	 the	 effect	 of	 long-distance	 and	 local	 transmission	 on	 its	
epizootic	dynamics.	The	epizootic	estimation	relied	on	an	𝑆𝐸𝐼𝑅𝑆	(susceptible-exposed-
infected-remove-susceptible)	model.	 In	addition,	 the	epizootic	model	 simulation	was	
controlled	by	 the	 real	network	of	 live	 shrimp	movements	of	Thailand	 (LSMN)	over	a	
13-month	 period	 from	 March	 2013	 to	 March	 2014.	 As	 a	 consequence,	 the	 model	

































south.	 To	 implement	 successful	 control	 strategies,	 seed-producing	 sites	 in	 southern	




epizootic	 sizes.	Although	an	 important	biosecurity	practice,	 i.e.	 testing	 for	AHPND	 in	
farmed	shrimp	before	moving	the	shrimp	from	site	to	site	has	been	implemented	in	the	
Thai	shrimp	farming	sector	(Uddin,	2008;	Yamprayoon	and	Sukhumparnich,	2010),	one	
concern	 is	whether current	disease	control	measures	are	based	on	 the	sensitivity	of	
diagnostic	techniques	and	delays	in	diagnosis	(i.e.	the	time	between	symptom	onset	and	
establishment	 of	 diagnosis)	 among	 infected	 sites	 (Ahmed	 et	 al.,	 2016;	 Lightner	 and	
Redman,	 1998;	 Liu	 et	 al.,	 2016;	 Saulnier	 et	 al.,	 2000a;	 Sithigorngul	 et	 al.,	 2007).	
Additionally,	previous	work	has	indicated	that	vibriosis	can	be	found	in	healthy	shrimp,	
which	 makes	 the	 infectious	 shrimp	 difficult	 to	 detect	 and	 treat	 at	 the	 initial	 stage	
(Aguirre-Guzmán	et	al.,	2004;	Goarant	et	al.,	2006;	Gomez-Gil	et	al.,	1998;	Vincent	and	
Lotz,	2005).	From	this	evidence,	 it	 is	possible	 that	 the	 infected	shrimp	are	still	being	
accidentally	moved	between	sites.		
Moreover,	 local	 transmission	 alone	 can	 cause	 AHPND	 epizootics	 according	 to	 our	
modelling,	 although	 these	 epizootics	 are	 not	 large.	 Nevertheless,	 in	 this	 case	 if	 the	
disease	occurs	in	areas	with	a	high	number	of	sites,	or	in	a	site	with	high	connections,	
















resulted	 in	 smaller	 sizes	of	potential	AHPND	epizootics.	This	 illustrated	 that	applying	
biosecurity	measures	to	shrimp	movements	could	effectively	control	AHPND	epizootic	
dynamics.	Another	test	was	changing	the	chance	of	infection	due	to	local	non-network	
spread	 (𝛽67;<6).	The	 increased	 likelihood	of	 local	 spread	 led	 to	 larger	epizootics.	This	
emphasised	 the	 importance	 of	 monitoring	 diseases	 in	 the	 natural	 environment	 of	
shrimp	 farms	and	also	 the	need	 for	water	disinfection	 for	 shrimp	 rearing.	 These	are	





of	 host-pathogen-environment	 interactions	 (Rockett,	 1999).	 In	 real	 practice,	 Thai	
shrimp	farmers	conduct	the	fallowing	process	in	varying	periods	from	3	to	60	days	(data	






























suggested	that	both	 long-distance	and	 local	 transmission	 influenced	the	dynamics	of	
AHPND	epizootic	in	Thai	shrimp	farming.	Of	the	efforts	to	control	these	epizootics	at	the	
country	scale,	biosecurity	of	 live	shrimp	movements	and	 interventions	to	reduce	the	
local	 spread	 (e.g.	monitoring	of	pathogens	 in	natural	 environments)	 are	 required.	 In	















































































































































































































































The	 main	 objective	 of	 this	 research	 was	 to	 apply	 epizootiological	 tools	 to	 study	 of	
AHPND	 and	 other	 infectious	 disease	 spread	 in	 the	 Thai	 shrimp	 farming	 industry.		














Consequently,	 in	 Chapter	 5	 disease-control	 algorithms	 were	 developed	 using	 four	
targeted	approaches	and	a	non-targeting	approach.	These	aimed	to	find	optimal	control	
strategies	 to	 reduce	 the	 potential	 epizootic	 size	 in	 the	 LSMN.	 The	 results	 from	 the	
















reduced	 the	number	of	 infected	sites.	 Local	 spread	alone,	however,	 could	still	 cause	
epizootics	(𝛽6789	was	0,	and	𝛽67;<6 	was	0.002).	Given	these	two	major	routes	for	AHPND	
transmission,	 two	 measures	 are	 suggested	 in	 this	 research.	 First	 is	 an	 increase	 in	
biosecurity	on	live	shrimp	movements	(effective	testing	of	diseases	in	farmed	shrimp	
before	movements,	and	targeted	disease	surveillance	and	control	of	disease	spread	in	









as	 stopping	water	discharge	 to	natural	 sources.	The	outcome	should	 lead	 to	 smaller	
sized	epidemics,	as	proposed	in	Ferguson	et	al.	(2001).	A	matter	of	great	concern	is	that	
waiting	for	laboratory	results	caused	the	delayed	outbreak	reporting,	and	consequently	
the	 late	 implementation	 of	 mitigation	 measures,	 as	 happened	 with	 a	 waterborne	
outbreak	of	Giardiasis	(a	gastrointestinal	disease) in	the	Norwegian	population	in	2004	
(Nygård	 et	 al.,	 2006).	 Hence,	 until	 there	 is	 a	 rapid	 diagnostic	method	 for	 infectious	






The	 AHPND	 decision	 tree	 can	 reflect	 on	 current	 disease	 surveillance	 and	 control	













that	many	 interviewees	 had	written	 their	 daily	 farming	 practices	 in	 their	 own	 diary	
books	or	electronic	 files.	The	recording	follows	the	requirement	of	good	aquaculture	
practice	 (GAP)	 standards	 for	 Thai	 shrimp	 farming	 (National	 Bureau	 of	 Agricultural	
Commodity	and	Food	Standards,	2014),	with	most	shrimp	farming	sites	in	Thailand	now	
being	 certified	 by	 the	 GAP	 standard	 (Fisheries	 Commodity	 Standard	 System	 and	
Traceability	Division,	2017).	Thus,	the	interviewees	could	provide	accurate	data	to	us,	
























lowest	 level	 of	 the	 village,	 therefore,	 these	 errors	would	 affect	 the	 reliability	 of	 our	
results.	Hence,	computer	data	are	only	as	good	as	that	which	are	entered.	
7.2.3 Modelling	disease	epizootic	dynamics	
The	network	modelling	 in	Chapters	4	and	5	 considers	 the	potential	 route	of	disease	
transmission	(live	shrimp	movements)	but	in	reality	most	shrimp	diseases	can	transmit	
from	site	to	site	via	other	pathways,	such	as	hydrological	connectivity	and	the	physical	
proximity	 of	 sites	 (see	 Chapter	 1).	 In	 addition,	 the	 non-random	 mixing	 and	
heterogeneity	of	connections	affect	disease	transmission.	Thus,	we	modelled	the	live	
shrimp	movements	as	a	weighted	network,	and	took	the	effect	of	 local	non-network	















To	 control	 disease	 spread	 via	 live	 shrimp	movements,	 Thailand	 applied	 a	 process	 of	
testing	 farmed	 shrimp	 for	 diseases	 before	 their	 movements	 (National	 Bureau	 of	
Agricultural	 Commodity	 and	 Food	 Standards,	 2015).	 Additionally,	 Thai	 regulators	
routinely	monitor	for	diseases	in	farmed	shrimp	through	active	and	passive	surveillance	
programmes	 (Coastal	 Aquatic	 Animal	 Health	 Research	 Institute,	 2016a).	 Here,	 a	
targeted	 disease	 surveillance	 approach	 was	 developed	 in	 Chapter	 5	 using	 network	
modelling	approaches	with	the	aim	of	improving	these	surveillance	programmes.	While	
















hepatopenaei	 (NACA,	 2015;	 Thitamadee	 et	 al.,	 2016).	 HPM	 does	 not	 lead	 to	 mass	












description	 of	 a	 disease	 epidemic	 in	 terms	 of	 real	 spatial	 results	 can	 be	 undertaken	
(Cromley,	2003;	Tami	et	al.,	2016).	This	is	because	GIS	can	work	on	areas,	while	many	
network	models	such	as	ours	treat	sites	essentially	as	point	sources.	For	human	disease	
models,	GIS	 has	 been	 used	 to	 examine	 transmission	 of	 tuberculosis	 (Moonan	 et	 al.,	
2004),	 chikungunya	 fever	 (Rodriguez-Morales	 et	 al.,	 2016),	 and	 dengue	 disease	
(Palaniyandi	et	al.,	2014),	for	example.	GIS	has	also	recently	been	used	in	the	modelling	
of	 livestock	 diseases	 such	 as	 bovine	 tuberculosis	 (Ribeiro‐Lima	 et	 al.,	 2016).	 For	




to	 determine	 a	 change	 in	 the	 distance	 of	 movements	 caused	 by	 any	 rewiring.	






- A	 cross-sectional	 study	 revealed	 a	 significant	 association	 between	 AHPND	
transmission	 at	 site	 level	 and	 farming	 management	 practices,	 i.e.	 types	 of	







- Moreover,	 case	 confirmation	 with	 the	 AHPND	 decision	 tree	 allowed	 rapid	
investigations	of	the	risk	factors	for	the	AHPND	transmission,	given	that	at	the	
time	of	data	collection,	AHPND	was	a	disease	with	an	unknown	etiology.	This	







our	 research	 into	 network	 modelling	 emphasised	 that	 the	 random	 disease	
surveillance	and	control	could	not	effectively	minimise	disease	spread	site	to	site	












other	 industries	 by	 including	 other	 types	 of	 sites	 (e.g.	 fish,	 mussel	 and	 crab	
farming,	 or	 processing	 plants)	 and	 their	 connections	 if	 the	 data	 is	 available.	
Importantly,	 the	 model	 is	 useful	 to	 evaluate	 current	 regulations	 or	 desired	









































































































































































Appendix A: Shrimp disease pictures 
 
Picture cards showing gross signs of AHPND were shown alongside those showing 
clinical signs of other high-prevalence shrimp diseases while collecting data for 
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Appendix C: National provincial centres and 
abbreviation 
Province	code	 National	provincial	centre	 Abbreviation	
11	 Samutprakan	 SPK	
18	 Chainat	 CNT	
73	 Nakhonpathom	 NPT	
72	 Suphanburi	 SPB	
61	 Uthaithani	 UTI	
74	 Samutsakhon	 SKN	
13	 Pathumthani	 PTE	
14	 Phranakhonsiayutthaya	 AYA	
26	 Nakhonnayok	 NYK	
75	 Samutsongkhram	 SKM	
10	 Bangkok	 BKK	
60	 Nakhonsawan	 NSN	
12	 Nonthaburi	 NBI	
23	 Trat	 TRT	
24	 Chachoengsao	 CCO	
21	 Rayong	 RYG	
20	 Chonburi	 CBI	
22	 Chanthaburi	 CTI	
25	 Prachinburi	 PRI	
30	 Nakhonratchasima	 NMA	
77	 Prachuapkhirikhan	 PKN	
70	 Ratchaburi	 RBR	
71	 Kanchanaburi	 KRI	
76	 Phetchaburi	 PBI	
90	 Songkhla	 SKA	
94	 Pattani	 PTN	
80	 Nakhonsithammarat	 NRT	
84	 Suratthani	 SNI	
86	 Chumphon	 CPN	
82	 Phangnga	 PNA	
81	 Krabi	 KBI	
83	 Phuket	 PKT	
96	 Narathiwat	 NWT	
91	 Satun	 STN	
85	 Ranong	 RNG	
92	 Trang	 TRG	
93	 Phatthalung	 PLG	
		
 
  
